

[image: image1]
A multidimensional comparative study of help-seeking messages on Weibo under different stages of COVID-19 pandemic in China









 


	
	
ORIGINAL RESEARCH
published: 14 February 2024
doi: 10.3389/fpubh.2024.1320146








[image: image2]

A multidimensional comparative study of help-seeking messages on Weibo under different stages of COVID-19 pandemic in China

Jianhong Jiang, Chenyan Yao* and Xinyi Song


School of Business, Guilin University of Electronic Technology, Guilin, Guangxi, China

Edited by
 Mohammadreza Shalbafan, Iran University of Medical Sciences, Iran

Reviewed by
 Dongyan Nan, Sungkyunkwan University, Republic of Korea
 Yiwei Xu, University of Washington, United States

*Correspondence
 Chenyan Yao, dyoccc@163.com 

Received 11 October 2023
 Accepted 31 January 2024
 Published 14 February 2024

Citation
 Jiang J, Yao C and Song X (2024) A multidimensional comparative study of help-seeking messages on Weibo under different stages of COVID-19 pandemic in China. Front. Public Health 12:1320146. doi: 10.3389/fpubh.2024.1320146
 

Objective: During the COVID-19 pandemic, people posted help-seeking messages on Weibo, a mainstream social media in China, to solve practical problems. As viruses, policies, and perceptions have all changed, help-seeking behavior on Weibo has been shown to evolve in this paper.

Methods: We compare and analyze the help-seeking messages from three dimensions: content categories, time distribution, and retweeting influencing factors. First, we crawled the help-seeking messages from Weibo, and successively used CNN and xlm-roberta-large models for text classification to analyze the changes of help-seeking messages in different stages from the content categories dimension. Subsequently, we studied the time distribution of help-seeking messages and calculated the time lag using TLCC algorithm. Finally, we analyze the changes of the retweeting influencing factors of help-seeking messages in different stages by negative binomial regression.

Results: (1) Help-seekers in different periods have different emphasis on content. (2) There is a significant correlation between new daily help-seeking messages and new confirmed cases in the middle stage (1/1/2022–5/20/2022), with a 16-day time lag, but there is no correlation in the latter stage (12/10/2022–2/25/2023). (3) In all the periods, pictures or videos, and the length of the text have a significant positive effect on the number of retweets of help-seeking messages, but other factors do not have exactly the same effect on the retweeting volume.

Conclusion: This paper demonstrates the evolution of help-seeking messages during different stages of the COVID-19 pandemic in three dimensions: content categories, time distribution, and retweeting influencing factors, which are worthy of reference for decision-makers and help-seekers, as well as provide thinking for subsequent studies.

Keywords
 COVID-19; help-seeking behavior; social media; data mining; neural networks; regression analysis


1 Introduction

The COVID-19 outbreak had become a public health emergency of international concern in recent years, causing a huge impact on people’s lives. Since the outbreak, different countries have taken their own measures to curb the spread of the virus. For China, the “Wuhan lockdown” measures implemented at the critical time in early 2020 successfully delayed the spread of the virus to other cities by an average of about 2.91 days (1). Other parts of China followed suit, and during this time, fear of the virus and the lack of medical and livelihood resources led to a severe social crisis. As a result, many people resorted to the Internet to post requests for help in order to solve real-life problems. Weibo, as one of the mainstream social media in China, plays an important role in information diffusion during the pandemic (2). According to Weibo’s Unaudited Financial Results for the Fourth Quarter and Fiscal Year 2022, published on March 1, 2023, there were 586 million monthly active Weibo users in December 2022, with a net increase of about 13 million users year-on-year. In addition, it has been demonstrated that the number of retweets of help-seeking messages on Weibo has a significant positive effect on whether help-seekers receive actual help, and the number of help-seeking messages has a positive effect on the prediction of new confirmed diagnoses (3). Therefore, the study of help-seeking messages on Weibo is of great theoretical and practical significance.

With the duration of the pandemic increasing, viruses (4), relevant policies (5–7)and public perceptions (8–10) have changed, so how did the help-seeking messages posted on the Weibo platform change during different periods of the pandemic? This is the focus of this paper. By collecting public data from National Health Commission of China (Figure 1), the number of new daily confirmed COVID-19 cases reached its first peak in early 2020, during which the city of Wuhan was blocked in the emergency, the whole country was in a state of panic, and a large number of help-seeking messages appeared on Weibo and other social media (referred to as the early stage of the pandemic in the following section). The number of new daily confirmed cases reached its peak once again around March 2022, which corresponded to the periods of the Jilin and Shanghai pandemics. At this time, the national policy has been updated to “Dynamic zero-COVID,” and people have a new perception of the pandemic (referred to as the middle stage of the pandemic in the following section). On December 7, 2022, National Health Commission of China issued a new policy, “10 New,” and stopped the implementation of the “Dynamic zero-COVID” general policy, which means that China’s pandemic has ushered in a new stage, and the normalization of the COVID-19 pandemic has become a reality (referred to as the later stage of the pandemic in the following section). As a result of the policy adjustment, the number of daily new confirmed cases has reached its third peak.
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FIGURE 1
 China’s new daily confirmed, discharged and dead cases.


This paper focuses on the help-seeking messages on Weibo in early, middle and later stages of the pandemic, and tries to investigate and empirically analyze the changes from 3 aspects: content categories, time distribution, and retweeting influencing factors. Based on the above research background, this paper proposes the following research questions:

• RQ1: Did the content of help-seeking messages on Weibo change in different periods, if so, how did the changes happen?

• RQ2: What are the changes in the temporal distribution of Weibo help-seeking messages in different periods?

• RQ3: Do the factors influencing the amount of retweets help-seeking messages can get change over time, if so, and what are the changes?

Social media is not only a tool for people to browse information and share their lives, but also plays an important role in the occurrence of public health emergencies. For example, people spread information rapidly through social media when a disaster occurs (11), and donate supplies and money to those affected by the disaster, which plays an important role in disaster relief (12). Social media is also widely used as a channel for people to seek help during public health emergencies, such as hurricanes (13), heavy rains (14–17), earthquakes (18, 19), and COVID-19 pandemic (3, 20–29).

Online help-seeking behaviors have also been proved to be related to negative emotions (30), which is a way for people to seek stress relief. In the face of public health emergencies such as earthquakes, people are not immune to showing fear and anxiety, while in the case of COVID-19 pandemic, a number of studies have demonstrated that people’s psychological stress increases during this time (31–34). When confronted with long and extensive closures such as Wuhan and Shanghai outbreaks, the reasonable scheduling of resources has also become a difficult problem faced by the administrators. During that time, some people who did not have enough medical resources or life supplies, who experienced severe anxiety, chose to post help-seeking messages on social media in order to solve the actual problems. In addition, combining with the theory of strong and weak relationships in social networks (35), relying on strong relationships such as families and friends may not be enough to support help-seekers to get help in the face of public health emergencies, thus relying on weak relationships is a wise choice. When help-seekers post request on social media, netizens generate weak relationships with help-seekers through browsing, liking, commenting, and retweeting, which provides a greater possibility for problem solving.

Scholars have already examined the help-seeking messages on Weibo (3, 20–23, 26–29), Zhihu (24), and Baidu Tieba (25) during the COVID-19 pandemic (Table 1). Until now, the COVID-19 virus has not disappeared and may even exist in people’s lives forever, but most of the current studies on help-seeking messages collected data is limited to 2020 (3, 20–29). According to Table 1, only li et al. (24) extend the timeframe (1/1/2020 – 6/30/2020) to the middle period of the pandemic, but the social platform of their study, Zhihu, is different from the Weibo in this paper. Not only that, Li et al.’s (24) research still does not cover the later stage of the pandemic. For China, in addition to the outbreak period represented by the closure of Wuhan at the beginning of 2020, the Jilin and Shanghai outbreaks in 2022 and the implementation of the open-door policy at the end of 2022 both led to peaks of the pandemic. During the latter two peak outbreaks, there are also a large number of help-seeking messages on the internet, which in themselves are of significant research value, but have not been adequately studied. This paper not only complements the research on the latter two periods, but also systematically compares how help-seeking messages have changed over time in three dimensions that no research has ever done before. As for the choice of social platforms, Weibo is one of the traditional and mainstream social media in China, similar to Twitter and Facebook, where users can share their lives and express various emotions. Compared to Baidu Tieba or Zhihu, Weibo has more active users and great interactivity, which means the help-seeking messages are likely to get more readers.



TABLE 1 Studies on help-seeking messages during the COVID-19 pandemic.
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In addition, this paper is not limited to only studying the phenomenon, but also seeks to draw valuable meanings for reality from the phenomenon. For example, the content and quantity of help-seeking messages reflect the current social problems and public needs to a certain extent, the significant correlation between the number of new diagnose and the number of help-seeking messages also represents whether the help-seeking messages can predict the number of new diagnose, and the forwarding influence factor of help-seeking messages relates to the exposure degree of the help-seeking messages posted by the help-seekers, which also affects whether they get actual help to a certain extent. While examining these three dimensions of help-seeking messages, this paper summarizes recommendations for policy makers and help-seekers, which are contributions that are unique to this paper and not available in the existing research.

Previous studies have found that help-seeking messages face the risk of being flooded by other information containing the same keywords (17). How to improve the effectiveness of help-seeking messages diffusion without drowning it in irrelevant messages is an issue that all help-seekers must consider, and it is also one of the focuses of scholars’ research.

Existing research on information diffusion mainly focuses on diffusion size (36), breadth, depth (37), and speed (38). Narrowing the context to the Weibo during the COVID-19 pandemic, the diffusion size is usually measured by the number of retweets or comments. The diffusion breadth usually refers to the total number of first-level sub-nodes, and the depth of diffusion refers to the length of the diffusion path of the help-seeking information on Weibo. The speed refers to the efficiency of the information diffusion process. Scholars have researched the influencing factors of Weibo help-seeking messages on Weibo in the early pandemic from different aspects such as diffusion size (3, 20, 27) and diffusion depth (23). In terms of the selection of factors, researchers generally agree that content characteristics and posting user’s characteristics can significantly contribute to the diffusion of the message (21, 39, 40). For example, Suh et al. (41) collected 74 million posts on Twitter and found that in terms of content, the inclusion of URLs and hashtags had significant effects on the number of retweets. In terms of users, the number of followers and followings, and the age of the user’s account also had significant effects on getting retweets. The location of the message is also important (42). Zhou et al. (3) proposed the content-context-connection(3C) framework to explain the effect of message dissemination on social media, and the location of the message, such as posting in hypertext or posting in Hubei, is included in the “context.” Besides the three factors of content, user and posting location, this paper will innovatively examine the effect of how quickly a message is first reposted on the size of the diffusion (Figure 2).
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FIGURE 2
 The model of influencing factors for Weibo help-seeking messages retweeting.


There is a relative abundance of research on the factors influencing the retweeting of help-seeking messages in the early period of the pandemic (3, 20, 23, 27), but there is a lack of empirical studies on this issue for the middle and later stages of the pandemic. This paper complements existing research on the factors influencing the retweeting of help-seeking information in other periods by exploring stable factors that have an impact on retweets’ number in all periods, as well as unstable factors that only play a significant role in individual periods, so as to provide advice and assistance to help-seekers (RQ3).

Currently, there is a relative abundance of research on the influence of content factors of messages on retweets, while each article varies in the choice of factors for content features. In this paper, we combine the results of existing studies and the characteristics of the current data to select six factors of content features, which are pictures or videos, hashtags, @others, text length, sentiment intensity, and content categories.

The completeness of information has been shown to increase credibility, which has a positive effect on the diffusion of information (43). Adding pictures or videos (20) will make the message richer and easier to understand than the content of text alone. With the corroboration of the pictures or videos, the help-seeking messages itself also gains higher credibility, which in turn brings more retweets to the messages (44, 45). Furthermore, the use of “#” in messages can quickly categorize different types of information, and it also facilitates users to search for a specific topic. When disaster strikes, the help-seekers seem to subconsciously use “#” as a way to increase the effectiveness of information dissemination. Specifically, during the flooding in Houston, help-seekers used hashtags such as “#HarveySOS” in order to gain more attention (46), and the same happened in the early stage of the COVID-19 pandemic (29). The use of “#” has also been repeatedly proved to have a positive effect on the diffusion of information (17, 41, 47). Other than “#,” messages can also use the symbol “@” to enhance the directional function of information transmission. When disaster strikes, it is wise to @ the more influential people. Numerous studies have demonstrated the positive effect of @ on information diffusion (21, 48, 49), and Zhou et al. (3) also confirmed the positive effect of @ on the number of retweets in their study of help-seeking messages in the early stage of the COVID-19 pandemic.

Furthermore, text length is often considered to be related to message completeness. For help-seeking messages, having a larger word count may mean that this message contains more information, such as condition, address, phone number, etc. (17), and may likewise have a richer sentiment, which can have a positive impact on the diffusion of the message (47). Research has shown that text length is an important indicator of increased credibility (50) and also has a significant positive effect on Weibo retweets (16). Emotion types are generally categorized as positive, negative, and neutral emotions. During the COVID-19 pandemic, most of the help-seeking messages in social media contained negative emotions. Messages with emotional words tend to attract more attention from other users than narratives with a calm tone (51), thus getting more retweets (52–54). In contrast, messages with negative emotions tend to be more likely to be spread compared to positive emotions (54). Among negative emotions, anger and anxiety are more likely to stimulate psychological responses in readers, thus promoting higher emotional identification, which in turn causes retweeting behavior. Finally, in terms of the effect of content categories on the amount of retweets, it has been confirmed in previous research that different topics have different effects on the retweets of messages (3). Users will produce different behavioral choices for different types of themes of Weibo, for example, the message of strong request for hospitalization tends to have a more emotional expression compared to the information in the category of advice, and readers can clearly distinguish the degree of urgency of each when receiving both messages, which in turn affects the forwarding behavior. Therefore, the effect of content category on the retweets of help-seeking messages should not be ignored.

Synthesizing the above studies, we propose the following hypotheses:


Help-seeking messages containing pictures or videos will receive more retweets in the middle (H1a) or later (H1b) pandemic period.

Help-seeking messages containing hashtags will receive more retweets in the middle (H2a) or later stage (H2b) of the pandemic.

Help-seeking messages containing “@” will receive more retweets in the middle (H3a) or later(H3b) pandemic period.

Help-seeking messages with longer text lengths will receive more retweets in the middle (H4a) or later (H4b) period of the pandemic.

Help-seeking messages with stronger negative sentiment intensity will receive more retweets in the middle (H5a) or later (H5b) period of the pandemic.

The content categories of help-seeking messages in the middle (H6a) or later (H6b) pandemic period affect the number of retweets.
 

User characteristics can be even more important than message content characteristics in the degree of influence on message retweeting, such as the number of followers a user has (41) and being verified or not (3). The number of followers implies the influence of the user, which means that the messages are more likely to be seen by more people, and thus more likely to be retweeted. Suh et al. (41) found that the number of followers of a twitter user has a significant positive effect on the number of retweets, which was also verified by Petrovic et al. (49). Whether a user is verified or not is another indicator of a user’s influence, as verified users tend to be more authoritative than other users, which gives them an advantage in information diffusion. It has been shown that whether a user is verified or not has a significant positive effect on the amount of forwarding of help messages during the COVID-19 pandemic (3). Therefore, based on the above research, the following hypotheses are proposed in this paper:


Help-seeking messages posted by users with more followers receive more retweets in the middle (H7a) or late (H7b) period of the pandemic.

The verified users who post help-seeking messages in the middle (H8a) or later (H8b) period of the pandemic will receive more retweets.
 

“Super Topic” is a community based on common interests, topics and interactive features integrated in a single place in Sina Weibo, where one can get more focused access to relevant information under the same topic. During the COVID-19 pandemic, “Super Topic” played the role of a mutual support community and created a pure, non-intrusive, and mutually helpful atmosphere, where irrelevant information was reviewed by administrators, and volunteers monitored the help-seeking posts in “Super Topic” on a daily basis and coordinated with the relevant departments (55), which facilitated the resolution of the task from online help-seeking to offline treatment. In addition to the early construction of the “COVID-19 patient help Super Topic,” there have been “Jilin help against pandemic Super Topic,” “Shanghai help against pandemic Super Topic,” and finally merged into the “Help against pandemic Super Topic.” The total number of followers of all the “Super Topic” exceeded 500,000. In summary, this paper concludes that “Super Topic” plays a positive role in the diffusion of help-seeking messages:


In the middle (H9a) or later (H9b) period of the COVID-19 pandemic, messages posted in “Super Topic” had a positive impact on the number of retweets.
 

The concept of speed was first proposed by Yang and Counts (38), where speed is whether and when the first forwarding occurs. In previous studies, the speed and the size of information diffusion have been considered as different evaluation indexes, and the effect of speed on the amount of retweets has rarely been studied. There is no empirical study to prove whether the speed of the first forwarding time has an effect on the total number of retweets in the case of the diffusion of help-seeking messages. Therefore, it is of sufficient theoretical and practical significance to prove the influence of the speed dimension on the total number of retweets of help-seeking information. This paper makes the following hypotheses:


The shorter the time of the first time being retweeted, the more retweets the posts have for the help-seeking messages in the middle (H10a) or later (H10b) period of the pandemic.
 



2 Methods


2.1 Data collection and processing

For the outbreak of the Jilin pandemic and Shanghai pandemic around March 2022, we crawled the posts on Weibo twice in March and May 2022 using Python, and collected all original messages containing the keywords (“Jilin help,” “Changchun help,” “pandemic help,” “help against pandemic”, “Shanghai help”,) on Weibo from January 1, 2022 to May 20, 2022 (N = 87,314, N refers the total number of messages in our dataset). Then we filter out the messages with wrong format, resulting a dataset with N = 87,244.

The next step is to select all the help-seeking messages and eliminate irrelevant ones. We model this process as a binary topic classification problem. Specifically, we train a classifier that takes a piece of message as input, and determines if that message is related to help-seeking or not. In order to train this model, we randomly sampled 2,400 posts, and manually labeled whether they were related to help-seeking or not. Then, we use 2,000 posts as training data and 400 posts as test data to train the topic classifier, of which half of the training data are for help-seeking or not. We experimented with both Convolutional Neural Network (CNN) (56, 57) and Recurrent Neural Network (RNN) (58) for our topic classification model. The most straightforward setting is to use the content of the messages as the input of the neural network. However, where the messages were posted (e.g., under the help against pandemic Super Topic) might also be helpful for the classifier. Therefore, we also experimented with combining the content and the “Publishing Tool” of a message as the input of our CNN or RNN models. We show the results of the 4 settings in Table 2.



TABLE 2 Comparison of topic classification models evaluation metrics.
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As showed in Table 2, our RNN models have lower performance than the CNN models. The CNN based model achieves 0.935 F1 score with only the “text of posts” as input. Adding “Publishing Location” as part of the input further increases the F1 score of the CNN model to 0.947. We take our best performing model, CNN—“text of posts” combined with “publishing tool,” and conduct classification on the rest of the data. As a result, 17,834 help-seeking messages are obtained.

The next step is to crawl the user information and retweeting information of the help-seeking messages. There was a time gap between our previous Weibo crawling practice and this step, we found that there were users who deleted some of their posts or made them private, there were also users who deleted their Weibo accounts. Due to those reasons, we were not able to get the user and retweeting information of all the messages we have crawled. For the sake of data rigor, we decided to only keep the data that we could get all the information. As a result, we have 15,197 messages with user information and retweeting data in our dataset.

For the Weibo help-seeking information at the later stage of the COVID-19 pandemic, we crawled all the original Weibo messages from December 10, 2022 to February 25, 2023 containing the keywords “help against pandemic,” “COVID-19 help” or “white lung help” in February 2023 (N = 5,891). We manually selected 830 help messages and crawled all their retweets and user information.

In the end, we obtained an analyzed a corpus of 16,027 original help-seeking posts in the middle and later stages of the pandemic, as well as all their retweets and users information.



2.2 Topic classification

After looking into the data carefully, we classify the help-seeking messages in our dataset into different categories based on their topics. However, we did not use the same set of categories for both the middle and later stage of the pandemic, as the content and focus of the help-seeking messages of those two stages were different. For example, messages in the later period were no longer focused on “other diseases patients seeking drugs” or “seeking supplies,” while the proportion of “COVID-19 patients seeking drugs” increased significantly. Furthermore, a new type of help-seeking information emerged in the later period, namely, “selling drugs.” Due to the liberalization of the policy and the widespread outbreak of pandemics, coupled with the fact that some people hoarded large quantities of medicines out of a sense of security or other psychological reasons, medical resources were insufficient to cope with the nation’s needs, and thus information about seeking medicines appeared on the Internet. At the same time, those who have surplus medicines wish to pass the medicines to others, whether they do so out of goodwill or just for the sake of gaining profit. More details about those categories are showed in Table 3.



TABLE 3 Content categories of help-seeking messages.
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For middle stage data, In order to train a classifier for topic classification, we randomly sampled 2,230 instances as the training set, 195 instances as the validation set, and 223 instances as the test set, and manually annotate those instances to get gold labels. Then, we finetuned 3 pre-trained language models, bert-base-chinese (59), xlm-roberta-base (60) and xlm-roberta-large (60), with the input of the models as “text of posts” and the output being one of the 8 categories. As showed in Table 4, xlm-roberta-large model outperforms both bert-base-chinese and xlm-roberta-base models, achieves the best results under all metrics. Therefore, xlm-roberta-large is chosen as the model for topic classification in this period.



TABLE 4 Classification models metrics in different datasets.
[image: Table4]

Since the later period and middle period data show different emphases, and the amount of later period data was greatly reduced compared with the middle period, we manually classified the late period data into 7 categories (Table 3).



2.3 Retweeting influencing factors


2.3.1 Emotional intensity

Since most of the current research on textual emotions focuses on distinguishing emotional polarity, i.e., doing the categorization of positive, negative, and neutral emotions, it does not appropriately express the emotional intensity of the text, especially the online help-seeking messages in the context of pandemic. The data in this paper is characterized by the fact that the sentiment polarity of the help-seeking messages during the disaster period is at most neutral, and the rest are all negative sentiment messages. How to make further distinction for these negative sentiment messages is the focus of this section. Existing common tools for detecting affective strength include SentiStrength, but due to its language limitation and the fact that the score is limited to only 5 to −5 points, which is not applicable to this data (61).

In this paper, we choose sentiment dictionary to calculate the sentiment strength by counting the number of occurrences of positive or negative words, and finally summarizing the scores to get the sentiment strength value. Specifically, this paper chooses the Hownet sentiment dictionary to assist in completing this work. This dictionary is widely used in academic research (62), and compared with other Chinese dictionaries, it’s advantage is that it comes with dictionaries of adverbs of degree, such as the level of “most,” “very,” “more” and “ish,” etc. In addition, the Hownet sentiment dictionary also comes with negative and positive sentiment dictionaries. Considering that strong words increase the intensity of emotions, this paper assigns weights to the “most,” “very,” “more” and “ish” dictionaries, which are 4, 3, 2 and 1.5, respectively. When a help-seeking message enters the program, its computational flow formula is shown below:

[image: image]

yr denotes the sentiment intensity of the r-th help-seeking message. The r-th help message is divided into nr phrases by the Jieba library before it is retrieved by the dictionary, and the number of phrases in each help-seeking message depends on the message itself. Based on the Hownet sentiment dictionary, the program retrieves out the number of positive sentiment words (Xm), the number of negative sentiment words (xm), and the number of adverbs of different degrees in each phrase, and then multiply them by the formula and add them up to get the value of the sentiment intensity of each help-seeking message.




2.4 Speed

In this paper, the first forwarding time is used as a proxy for speed. It is calculated as the difference between the posting time and the first forwarding time of a request for help-seeking message, and converted to a numerical format in minutes, e.g., 30 s is recorded as the number 0.5, 1 h is recorded as the number 60, and so on. Considering that some help-seeking messages are not forwarded, in this paper, the first forwarding time corresponding to these help-seeking messages is recorded as the maximum value of 1,000,000.




3 Results


3.1 RQ1: the content difference of help-seeking messages in different stages of the COVID-19 pandemic

According to Figure 3, among the categories of help-seeking messages in the middle stage of the pandemic, the category of “seeking help to optimize management measures” accounted for the largest share of 35%, in which help-seekers were mostly troubled by problems such as “untimely transfer of positive patients from the same community,” “poor quarantine environment,” “disinfection not in place” and “inaction of the neighborhood committee,” which reminds managers that these problems are likely to occur during the centralized closure and control period, and to make corrections. The “seeking supplies” category accounted for the second share of 24%. Under the “Dynamic COVID-zero” policy, the pandemic has been effectively controlled, however, it is inevitable that residents who were sealed off and asked to stay at home would not have enough supplies. Therefore, a large number of requests for supplies information appeared on the Internet at this stage.

[image: Figure 3]

FIGURE 3
 Results of the content classification of help-seeking messages in the middle period.


Compared with “COVID-19 patients seeking hospital treatment,” more instances fall into the category of “other diseases patients seeking hospital treatment.” When patients with other diseases looking for hospital treatment, most of them need chemotherapy or blood dialysis, and most of them are not infected with the COVID-19 virus. The reasons that those patients do not have access to hospitalization are because of the lack of space and resources in hospitals, and the difficulty of transportation caused by lockdown, etc. This shows that the pandemic closure also affects the treatment of other diseases. The reason for the lower number of “COVID-19 patients seeking hospital treatment” is that during the middle pandemic period in Shanghai, the Square Cabin Hospital and the sentinel hospitals were well established, and there were a set of separate procedures for COVID-19 patients seeking hospital treatment. The category of “other diseases patients seeking drugs” accounted for 6% of the total, indicating that the pandemic closure and control also caused problems for people who had been taking therapeutic drugs for other diseases for a long time. During this period, very few help-seekers posted information that was solely for the drugs used to treat the COVID-19, and the proportion of “COVID-19 patients seeking drugs” was only 1%. Otherwise, the share of “other” category is 11%, and the share of “problem counseling” category is 7%.

According to Figure 4, among the categories of help-seeking information in the later stage of the COVID-19 pandemic, the category of “problem consulting” accounted for the first share, as high as 28%, which may be due to the fact that after the liberalization of the pandemic, most of the COVID-19 patients, except for those with severe illnesses, chose to prepare their own medicines for treatment. For the general public who lacked the relevant medical knowledge, posting consulting questions on social media would give them a chance to hear the opinions of medical professionals or people with more experiences, thus achieving the purpose of consulting. The posters of “COVID-19 patients seeking hospital treatment” and “COVID-19 patients seeking drugs” are mostly family members of severely COVID-19 patients, with the keywords “white lungs” and “blood oxygen” attracting more attention, which also reminds the public of the need to enhance their awareness of the risks of COVID-19. The category of “selling drugs” accounted for 14% of the total, and both “COVID-19 patients seeking drugs” and “selling drugs” accounted for a relatively high percentage, indicating that there was a large demand for drugs within a short period of time after the liberalization of the pandemic policy. In the category of “selling drugs,” in addition to those who were trying to resell their own COVID-19 related medicines, there were also deceived buyers who posted information on their requests for help, reminding other netizens to be more careful in choose their sellers. The category of “seeking help to optimize management measures” accounted for 3%, which has been greatly reduced compared to the middle stage of the pandemic, indicating that the liberalization of the pandemic policy is a choice that conforms to the people’s wishes. “Other diseases patients seeking hospital treatment” accounted for only 1% in the later stage, which indicates that in the later stage, the hospital treatment of patients with other diseases is no longer affected by the COVID-19 pandemic, therefore the amount of this kind of posts has been reduced compared to the middle stage.

[image: Figure 4]

FIGURE 4
 Results of the content classification of help-seeking messages in the later period.




3.2 RQ2: comparison of the temporal distribution of help-seeking messages in different stages of the COVID-19 pandemic

Scholars’ study of Weibo help-seeking messages during the Wuhan pandemic found that the total number of daily help-seeking posts across China and Hubei were Granger causally related to the nation’s daily number of newly confirmed COVID-19 cases, and both had an 8-day time lag. In this paper, we statistically examine the changes in the number of daily help-seeking messages, and the number of new cases with date in the middle (Figure 5) and later stages (Figure 6) of the COVID-19 pandemic.

[image: Figure 5]

FIGURE 5
 Time distribution of help-seeking information in the middle stage of the pandemic.


[image: Figure 6]

FIGURE 6
 Time distribution of help-seeking information in the later stage of the pandemic.


In the middle of the pandemic, (1) according to Figure 5, the number of daily new diagnoses of COVID-19 increased sharply on March 12, 2022, with the number exceeding 1,000, peaked at 5,659 on April 29, and plummeted to less than 1,000 on May 1; the number of daily help-seeking messages rose sharply on March 30, peaked on April 13, and then declined progressively. The situation is relatively better after May, and the daily help messages are maintained within 100. (2) The Time-Lag Cross-Correlation (TLCC) algorithm calculates the time lag between the number of new diagnose and the number of help-seeking messages (63, 64). The correlation formula is shown:

[image: image]

From the formula, f(y1, y2) denotes the correlation between variables y1 and y2, and N denotes the total time, and the absolute value of the correlation reaches the maximum value fmax(y1, y2) when y2 is lagged by order k. At this time, it can be said that there exists a time lag of time k between y1 and y2, in which the value of k is from −N to N.

Since neither the number of newly confirmed cases nor the number of daily help-seeking messages fit a normal distribution, we chose the Spearman correlation to calculate the correlation and time lag (65). According to the calculation of Spearman’s correlation, there is a significant correlation between the number of newly confirmed cases and the number of daily help-seeking messages with a value of 0.680. The time lag is further calculated and the result is shown in Figure 7, which shows that there is an 16-day time lag between the number of newly confirmed cases and the number of daily help-seeking messages in the middle stage of the pandemic, at which time the Spearman correlation coefficient is the largest, 0.820. More specifically, the number of newly confirmed cases lags the number of daily help-seeking messages by 16 days, and also shows that the number of newly confirmed cases can be predicted by the number of daily help-seeking messages. In the later stage of the pandemic, (1) according to Figure 6, the number of new cases increased exponentially after December 13, 2022, until China stopped counting this data on December 25, while the number of daily help-seeking messages remained within 40 per day, and then decreased to <10 per day after January 21, during which time there was no significant increase in the number of new cases. (2) There is no significant correlation or time lag between the number of new case and the daily number of help-seeking messages in this stage.
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FIGURE 7
 Spearman correlation and time lag.


Combined with existing research on help-seeking messages, the number of newly confirmed cases and the number of daily help-seeking messages were significantly correlated in both the early and middle stages of the pandemic, with a time lag of 8 days in the early stage and 16 days in the middle stage. However, in the later stage of the pandemic, there was no significant correlation or time lag between the two.



3.3 RQ3: comparison of influencing factors of Weibo help-seeking message retweets in different stages of the COVID-19 pandemic


3.3.1 Model comparison

Since the dependent variable is the number of retweets of help-seeking messages, which is a count variable, we initially chose Poisson regression model (66) and negative binomial regression model (66, 67). Immediately after that, considering the premise assumption of Poisson regression, that is, the mean of the explanatory variables is equal to the variance, which also restricts Poisson regression from applying to over-dispersed data. However, the variance of the data used in this paper is much more than the mean, so Poisson regression is ruled out, negative binomial regression model and its zero-inflated model are used in this paper.

Compared to Poisson regression, negative binomial regression relaxes the requirement that the variance is equal to the mean, in addition to this, it can deal with a moderate excess of 0. In the dataset of this paper, since the dependent variable of this model is the number of retweets of help-seeking messages, in the case of the medium-term help-seeking dataset, for example, 9,881 messages have a retweet number of 0. If the negative binomial regression is not enough to handle too many zeros, the zero-inflated negative binomial regression is usually considered (68). According to these two models, this paper compares their fitting effects based on three metrics, Log Likelihood, AIC and BIC, so as to select the optimal one (69, 70). The results of their indicators are shown in Table 5.



TABLE 5 Comparison of regression models.
[image: Table5]

According to Table 5, in the middle stage of the pandemic, the absolute value of negative binomial regression is smaller than zero-inflated negative binomial regression in all three indicators, indicating that negative binomial regression fits better. In the later stage of the pandemic, the negative binomial regression fits well, while the zero-inflated negative binomial regression can not be fitted. Therefore, the negative binomial regression model is finally chosen as the model of this paper.



3.3.2 Analysis of the regression results of the factors influencing the retweeting of Weibo help-seeking messages in different stages of the COVID-19 pandemic

Table 6 shows the descriptive statistics of all the data in the middle and later stages of the pandemic. Table 7 demonstrates the results of the negative binomial regression analysis of the factors influencing the number of retweets for all help-seeking messages. Both regressions were significant, with a middle period r2 of 0.190 and a later period r2 of 0.319.



TABLE 6 Descriptive statistics.
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TABLE 7 The results of the negative binomial regression.
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For the middle stage of the COVID-19 pandemic, in the content dimension, a significant positive correlation was found between the number of retweets with having pictures or videos (coef = 1.611, p < 0.05), @others (coef = 1.174, p < 0.05), and the length of the text (coef = 0.001, p < 0.05). And there was a significant negative correlation between hashtags (coef = −0.389, p < 0.05) and the number of retweets. In content category dimension, using “COVID-19 patients seeking hospital treatment” as a base comparison, “COVID-19 patients seeking drugs” (coef = −1.263, p < 0.05), “other diseases patients seeking drugs” (coef = −0.749, p < 0.05), “seeking help to optimize management measures” (coef = −0.684, p < 0.05), “seeking supplies” (coef = −1.452, p < 0.05) and other (coef = −1.637, p < 0.05) are five categories getting less retweets, thus supporting hypotheses H1a, H2a, H3a and H4a, H6a. In the user dimension, a significant positive correlation was shown between user verification (coef = 0.323, p < 0.05) and the number of retweets, supporting hypothesis H8a. In the posting location dimension, help-seeking messages posted in a Super Topic (coef = 0.111, p < 0.05) received a higher number of retweets, supporting Hypothesis H9a. Finally, in the speed dimension, the quicker of the first retweet, the higher number of retweets (coef = −0.000, p < 0.05) a post could get, thus, proving Hypothesis H10a.

For the help-seeking messages in the later stage of the pandemic, in terms of content, having pictures or videos (coef = 1.044, p < 0.05) and text length (coef = 0.001, p < 0.05) had a significant positive effect on the number of retweets a post can get. The lower absolute value of sentiment intensity (coef = 0.013, p < 0.05) was associated with the higher number of retweets, supporting hypothesis H5b. In terms of content classification, using the category of “COVID-19 patients seeking hospital treatment” as a basis for comparison, “seeking help to optimize management measures” (coef = −3.089, p < 0.05), “problem counseling” (coef = −1.780, p < 0.05), and “selling drugs” (coef = −2.357, p < 0.05) and other (coef = − 1.733, p < 0.05), are the four categories getting fewer retweets, thus supporting hypotheses H1b, H4b, and H6b. In the user dimension, the higher the number of followers (coef = 0.000, p < 0.05), the higher the number of retweets obtained, and hypothesis H7b was supported. Next, in the posting location dimension, there is a significant positive correlation between Super Topic (coef = 1.532, p < 0.05) and the number of retweets, supporting hypothesis H9b. Finally, in the speed dimension, the quicker to get the first retweet (coef = −0.000, p < 0.05), the more retweets will be obtained, supporting hypothesis H10b.





4 Discussion

This paper explores the changes in content categories, time distribution, and retweeting influencing factors of help-seeking messages on Weibo during three different time periods of the COVID-19 pandemic in China, complementing existing studies on help-seeking messages during the latter two periods of the pandemic and providing a multi-period and multi-dimensional comparison. The results shows that help-seeking messages in the three dimensions of content categories, time distribution, and retweeting influencing factors exhibit different characteristics as the pandemic develops.

In the content categories dimension, the focuses of people’s help-seeking posts varied in different periods. In the middle stage of the COVID-19 pandemic, the number of requests for hospital treatment and drugs for other diseases exceeded the number of requests for medical resources for COVID-19 patients. In the later stage, there were far more COVID-19 patients seeking hospital treatment and drugs than other diseases, and the proportion of COVID-19 patients seeking drugs increased significantly in the later stage, while the categories of patients seeking drugs and supplies for other diseases had disappeared in the later stage. In addition, the percentage of problem counseling category has increased and the posts of selling drugs has appeared in the later stage.

In the time distribution dimension, the temporal distribution of Weibo help-seeking messages in the middle and later stages is plotted and compared with the daily newly confirmed cases. The correlation and time lag between the two are calculated by TCLL. It is found that there is a significant correlation between the daily help-seeking messages and the daily newly confirmed cases in the middle stage of the pandemic, and there is a 16-day time lag. In contrast, there is no correlation between daily help-seeking messages and new cases per day in the later stage, and the overall number of help-seeking messages in the later stage was significantly lower than that in the other stages of the pandemic.

In the retweet influencing factors dimension, combined with existing research on help-seeking messages in the early period, we find that having pictures or videos and text length significantly positively affect the number of retweets in each period. Hashtags did not significantly affect retweets in early and later periods, but they significantly negatively affected retweets in the middle period. @Others only had a significant positive effect on the number of retweets in the later period. Emotional intensity had no significant effect on the number of retweets in the early and middle stages of the pandemic, and the lower the absolute value of emotional intensity, the higher the number of retweets in the later period. The number of followers significantly affected retweets in the early and later periods, but not in the middle period. User verification had a significant effect on getting retweets in the early and middle stages, but it’s not the case in the later stage. Super-Topic did not significantly affect retweets in the preliminary study, but did have affect in the middle and later periods, probably due to the management and the increased influence of super-topic during the Changchun and Shanghai pandemics. Although there was no accelerating speed-related factor in the preliminary study, our study on the middle and later stage shows that the time of the first retweeting can significantly affect the number of retweets of help-seeking messages.

Previous studies on help-seeking messages have mostly focused on the early stage of the COVID-19 pandemic, while the middle and later stages have not been sufficiently researched since the pandemic lasted for 3 years. To address the above issues, this paper fully investigates the Weibo help-seeking messages in the middle and latter stages from the dimensions of content categories, time distribution, and retweet influencing factors, which fills the gap in the existing studies. More importantly, existing research lacks a long-term, multifaceted study of online help-seeking messages during the pandemic period, while this paper compares the three periods of the pandemic in multiple dimensions, covering the beginning of the pandemic as well as the release of the pandemic liberalization policy, which makes up for the shortcomings of the existing research in this field.

In addition, the findings of this paper are also significant. The study found that the focus of help-seeking information varies in different periods. There is no correlation between help-seeking information and newly confirmed daily cases in the later stage of the COVID-19 pandemic, but there is a correlation and time lag between the two in the other periods. In terms of the factors influencing retweets, the factors significantly affecting retweets varied across time, with pictures or videos, and text length significantly affecting retweets in each period. These findings fully demonstrate the evolution of online help-seeking behavior during the COVID-19 pandemic. Many scholars have already focused on exploring and proving the changes in policies, perceptions, and behaviors during the pandemic, and this paper undoubtedly adds another strong empirical proof and makes an important academic contribution.

Since the beginning of the pandemic, China has adopted strict control policies. Showing great respect as a responsible big country, China has always put life first and has been very effective in reducing the number of infections and deaths (71). The World Health Organization (WHO) has praised China’s rapid and robust prevention and control initiatives and recommended that other countries follow suit (72).

However, this paper finds that there is room for improvement in China’s policies when examining online help-seeking messages. The study of the middle stage of the pandemic found that the problem of blocked access to medical care and medication for patients with other diseases that occurred during the closure and control should not be ignored, and that the strict isolation standards caused considerable distress to patients with other diseases, which reminded the government of the need to provide these patients with specialized policy assistance in the future when they encountered the same situation, so as to avoid delays in their treatment.

Furthermore, insufficient supply of resources is also one of the problems manifested in the early, middle and later periods. Resources include medical resources such as hospital beds and medicines, as well as daily supplies such as vegetables and daily necessities. Insufficient supply of medical resources is unavoidable in the face of such serious public health emergencies, but the government still needs to accumulate experience so that it can make a better response to similar situations in the future. Community distribution of supplies is especially critical when transportation is blocked during closures, but there are still problems with the stockpiling and dispatching of supplies, resulting in help-seekers having to post their requests for help online, so the government’s supply and dispatching of supplies needs to be further matured and improved in the face of public health emergencies.

In addition to this, the government should increase its attention to online help-seeking messages. In the early and middle stages, the number of help-seeking messages is closely related to the number of new confirmed cases. Governments need to focus on the commonalities in help-seekers’ problems in order to achieve better management. Social media should also take responsibility and cooperate with the government to contribute to solve the real problems of help-seekers.

The research on the retweeting factors of help-seeking messages in this paper is not only to prove the changes of help-seeking messages in different periods, but also to find out the stabilizing factors among the ones affecting the retweeting of help-seeking messages. Although the other factors show less stable performance, pictures and videos, and the length of the text significantly affect the amounts of retweets in each period. This also provides suggestions for help-seekers when posting help messages: having pictures and videos, and more text length will result in more retweets, thus increasing the chances of being helped.


4.1 Limitations

The impact of policies on China’s pandemic is also significant, but unfortunately, this paper does not cover the empirical study of the impact of policies and help-seeking messages. In terms of help-seeking messages retweeting factors, in addition to the negative binomial regression as a method, the use of neural networks can also be considered. For future research, scholars can dig deeper into the psychological as well as social factors that led to the changes in these help-seeking messages, and they can also verify the impact of policies on help-seeking messages. In addition, scholars can explore other factors that evolved during the pandemic.




5 Conclusion

This paper examines the changes of Weibo help-seeking messages during different periods of the COVID-19 pandemic in three dimensions: content categories, time distribution, and retweeting influencing factors. In the content categories dimension, the content focuses are different in the early, middle, and later periods, and all of them reflect the social needs and social problems in different periods. In the time distribution dimension, there are significant correlations and time lags between new daily help-seeking messages and new confirmed cases in the early and middle stages of the pandemic, which are 8 and 16 days, respectively, but there is no correlation in the late period. In the retweeting influencing factors dimension, pictures or videos and the length of the text significantly and positively influence the amount of retweets in all periods, although some of the factors behave erratically. The conclusions drawn in this paper in content categories can help policy makers to have a clearer understanding of the needs of the society and help to fill the gaps in the policies, as well as to gain experience for possible public health emergencies in the future. At the same time, the conclusions in this paper can provide advice to help-seekers, which can help them get more retweets when they post help-seeking messages. Finally, this paper presents another unique perspective of the COVID-19 pandemic in China at different times to help readers understand the pandemic more deeply.



Data availability statement

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.



Author contributions

JJ: Conceptualization, Funding acquisition, Methodology, Writing – original draft, Writing – review & editing. CY: Conceptualization, Data curation, Methodology, Writing – original draft, Writing – review & editing. XS: Data curation, Writing – review & editing.



Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This work was supported by the National Natural Science Foundation of China (grant number 71940008).



Acknowledgments

The authors would like to thank Mei Zhan for her assistance and guidance in writing this paper.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

 1. Tian,H, Liu,Y, Li,Y, Wu,CH, Chen,B, Kraemer,MU , et al. An investigation of transmission control measures during the first 50 days of the COVID-19 epidemic in China. Science. (2020) 368:638–42. doi: 10.1126/science.abb6105 

 2. Wang,J, Zhou,Y, Zhang,W, Evans,R, and Zhu,C. Concerns expressed by Chinese social media users during the COVID-19 pandemic: content analysis of Sina Weibo microblogging data. J Med Internet Res. (2020) 22:e22152. doi: 10.2196/22152 

 3. Zhou,B, Miao,R, Jiang,D, and Zhang,L. Can people hear others’ crying?: a computational analysis of help-seeking on Weibo during COVID-19 outbreak in China. Inf Process Manag. (2022) 59:102997. doi: 10.1016/j.ipm.2022.102997 

 4. Sharma,A, Ahmad Farouk,I, and Lal,SK. COVID-19: a review on the novel coronavirus disease evolution, transmission, detection, control and prevention. Viruses. (2021) 13:202. doi: 10.3390/v13020202 

 5. Wu,J, Wang,K, He,C, Huang,X, and Dong,K. Characterizing the patterns of China’s policies against COVID-19: a bibliometric study. Inf Process Manag. (2021) 58:102562. doi: 10.1016/j.ipm.2021.102562 

 6. Jin,H, Li,B, and Jakovljevic,M. How China controls the Covid-19 epidemic through public health expenditure and policy. J Med Econ. (2022) 25:437–49. doi: 10.1080/13696998.2022.2054202 

 7. Ge,J. The COVID-19 pandemic in China: from dynamic zero-COVID to current policy. Herz. (2023) 48:226–8. doi: 10.1007/s00059-023-05183-5 

 8. Airak,S, Sukor,NSA, and Abd,RN. Travel behaviour changes and risk perception during COVID-19: a case study of Malaysia. Transp Res Interdiscip Perspect. (2023) 18:100784. doi: 10.1016/j.trip.2023.100784 

 9. Zhong,L, Liu,J, Morrison,AM, Dong,Y, Zhu,M, and Li,L. Perceived differences in peer-to-peer accommodation before and after COVID-19: evidence from China. Int J Contemp Hosp Manag. (2023) 35:1539–61. doi: 10.1108/IJCHM-12-2021-1557

 10. Hu,J, Liu,J, Huang,Y, Zheng,Z, Yang,D, Zhou,Y , et al. COVID-19 related stress during and one year after the first wave of the pandemic outbreak in China: the role of social support and perceptions of the pandemic. Front Psych. (2022) 13:1009810. doi: 10.3389/fpsyt.2022.1009810 

 11. Park,CH, and Johnston,EW. A framework for analyzing digital volunteer contributions in emergent crisis response efforts. New Media Soc. (2017) 19:1308–27. doi: 10.1177/1461444817706877

 12. Kim,J, and Hastak,M. Social network analysis: characteristics of online social networks after a disaster. Int J Inf Manag. (2018) 38:86–96. doi: 10.1016/j.ijinfomgt.2017.08.003

 13. Li,J, Stephens,KK, Zhu,Y, and Murthy,D. Using social media to call for help in hurricane Harvey: bonding emotion, culture, and community relationships. Int J Disaster Risk Reduct. (2019) 38:101212. doi: 10.1016/j.ijdrr.2019.101212

 14. Cheng,S, Liu,L, and Li,K. Explaining the factors influencing the individuals’ continuance intention to seek information on Weibo during rainstorm disasters. Int J Environ Res Public Health. (2020) 17:6072. doi: 10.3390/ijerph17176072 

 15. Nishikawa,S, Tanaka,N, Utsu,K, and Uchida,O. Time Trend Analysis of “# Rescue” Tweets during and After the 2017 Northern Kyushu Heavy Rain Disaster. In: 2018 5th International Conference on Information and Communication Technologies for Disaster Management (ICT-DM), Sendai, Japan. (2018). pp.1–4.

 16. Song,C, and Fujishiro,H. Toward the Automatic Detection of Rescue-Request Tweets: Analyzing the Features of Data Verified by the Press. In: 2019 International Conference on Information and Communication Technologies for Disaster Management (ICT-DM); 2019 Dec 18–20; Paris, France.(2019). p. 1–4.

 17. He,C, Deng,Y, Yang,W, and Li,B. Help! Can you hear me?: understanding how help-seeking posts are overwhelmed on social media during a natural disaster. Proc ACM Hum Comput Interact. (2022) 6:1–25. doi: 10.1145/3555147

 18. Qu,Y, Huang,C, Zhang,P, and Zhang,J. Microblogging After a Major Disaster in China: A Case Study of the 2010 Yushu Earthquake. In: Proceedings of the ACM 2011 Conference on Computer Supported Cooperative Work; 2011, March 19–23; Hangzhou, China. (2011). pp. 25–34.

 19. Qu,Y, Wu,PF, and Wang,X. Online Community Response to Major Disaster: A Study of Tianya Forum in the 2008 Sichuan Earthquake. In: 2009 42nd Hawaii International Conference on System Sciences; 2009, January 5–8; Waikoloa, HI, USA. (2009). p. 1–11.

 20. Luo,C, Li,Y, Chen,A, and Tang,Y. What triggers online help-seeking retransmission during the COVID-19 period? Empirical evidence from Chinese social media. PLoS One. (2020) 15:e0241465. doi: 10.1371/journal.pone.0241465 

 21. Yang,W, Wu,Z, Mok,NY, and Ma,X. How to Save Lives with Microblogs? Lessons From the Usage of Weibo for Requests for Medical Assistance during COVID-19. In: Proceedings of the 2022 CHI Conference on Human Factors in Computing Systems; 2022, April 29 – May 5; LA, New Orleans, USA. (2022). p. 1–18.

 22. Guo,Y, Hou,Y, Xiang,H, and Chen,L. “Help us!”: a content analysis of COVID-19 help-seeking posts on Weibo during the first lockdown. BMC Public Health. (2023) 23:710. doi: 10.1186/s12889-023-15578-y 

 23. Chen,A, Ng,A, Xi,Y, and Hu,Y. What makes an online help-seeking message go far during the COVID-19 crisis in mainland China? A multilevel regression analysis. Digit Health. (2022) 8:20552076221085061. doi: 10.1177/20552076221085061 

 24. Li,L, Hua,L, and Gao,F. What we ask about when we ask about quarantine? Content and sentiment analysis on online help-seeking posts during COVID-19 on a Q&A platform in China. Int J Environ Res Public Health. (2022) 20:780. doi: 10.3390/ijerph20010780 

 25. Liu,Y, Zhu,Y, and Xia,Y. Support-seeking strategies and social support provided in Chinese online health communities related to COVID-19. Front Psychol. (2021) 12:783135. doi: 10.3389/fpsyg.2021.783135 

 26. Sun,S, Seo,M, Wang,F, and Liu,Z. Social support and connective affordances: examining responses to early covid-19 patient support seeking on microblogs. J Broadcast Electron Media. (2021) 65:621–40. doi: 10.1080/08838151.2021.2011284

 27. Chen,Y, Wang,KR, Xu,W, and Huang,Y. Exploring Commenting Behavior in the COVID-19 Super-Topic on Weibo. In: Extended Abstracts of the 2021 CHI Conference on Human Factors in Computing Systems; 2021, May 8–13; Yokohama, Japan. (2021). p. 1–7.

 28. Huang,C, Xu,X, Cai,Y, Ge,Q, Zeng,G, Li,X , et al. Mining the characteristics of COVID-19 patients in China: analysis of social media posts. J Med Internet Res. (2020) 22:e19087. doi: 10.2196/19087 

 29. Zhao,X, Fan,J, Basnyat,I, and Hu,B. Online health information seeking using “# COVID-19 patient seeking help” on Weibo in Wuhan, China: descriptive study. J Med Internet Res. (2020) 22:e22910. doi: 10.2196/22910 

 30. Mackenzie,E, Mcmaugh,A, Van Bergen,P, and Parada,RH. Online support seeking, co-rumination, and mental health in adolescent girls. Front Psych. (2023) 14:1040636. doi: 10.3389/fpsyt.2023.1040636 

 31. Wang,Y, Shi,L, Que,J, Lu,Q, Liu,L, Lu,Z , et al. The impact of quarantine on mental health status among general population in China during the COVID-19 pandemic. Mol Psychiatry. (2021) 26:4813–22. doi: 10.1038/s41380-021-01019-y 

 32. Lu,H, Nie,P, and Qian,L. Do quarantine experiences and attitudes towards COVID-19 affect the distribution of mental health in China? A quantile regression analysis. Appl Res Qual Life. (2021) 16:1925–42. doi: 10.1007/s11482-020-09851-0 

 33. Cheung,T, Cheng,CPW, Fong,TKH, Sharew,NT, Anders,RL, Xiang,YT , et al. Psychological impact on healthcare workers, general population and affected individuals of SARS and COVID-19: a systematic review and meta-analysis. Front Public Health. (2022) 10:1004558. doi: 10.3389/fpubh.2022.1004558 

 34. Guo,J, Li,X, He,J, Ai,M, Gan,Y, Zhang,Q , et al. A propensity score matching study: the prevalence of mental health problems among pregnant women at first antenatal care increased in Chongqing during the first wave of the COVID-19 pandemic. Front Public Health. (2023) 11:1142461. doi: 10.3389/fpubh.2023.1142461

 35. Kavanaugh,A, Reese,DD, Carroll,JM, and Rosson,MB. Weak Ties in Networked Communities. In: Communities and Technologies: Proceedings of the First International Conference on Communities and Technologies; 2003, May 2–5; C&T 2003, Netherlands. (2003). p. 265–286.

 36. Cheng,J, Adamic,L, Dow,PA, Kleinberg,JM, and Leskovec,J. Can Cascades be Predicted? In: Proceedings of the 23rd International Conference on World Wide Web; 2014, April 7–11; Seoul, Korea. (2014). p. 925–936.

 37. Zhang,L, and Peng,TQ. Breadth, depth, and speed: diffusion of advertising messages on microblogging sites. Internet Res. (2015) 25:453–70. doi: 10.1108/IntR-01-2014-0021

 38. Yang,J, and Counts,S. Predicting the Speed, Scale, and Range of Information Diffusion in Twitter. In: Proceedings of the International AAAI Conference on Web and Social Media 2010, May 23–26; Washington, USA. (2010). p.355–358.

 39. Wang,X, Chen,L, Shi,J, and Peng,TQ. What makes cancer information viral on social media. Comput Hum Behav. (2019) 93:149–56. doi: 10.1016/j.chb.2018.12.024

 40. Yang,Q, Tufts,C, Ungar,L, Guntuku,S, and Merchant,R. To retweet or not to retweet: understanding what features of cardiovascular tweets influence their retransmission. J Health Commun. (2018) 23:1026–35. doi: 10.1080/10810730.2018.1540671 

 41. Suh,B, Hong,L, Pirolli,P, and Chi,EH. Want to Be Retweeted? Large Scale Analytics on Factors Impacting Retweet in Twitter Network. In: 2010 IEEE Second International Conference on Social Computing, Minneapolis; 2010, August 20–22; MN, USA. (2010). p. 177–184.

 42. Kogan,M, Palen,L, and Anderson,KM. Think Local, Retweet Global: Retweeting by the Geographically-Vulnerable during Hurricane Sandy. In: Proceedings of the 18th ACM Conference on Computer Supported Cooperative Work & Social Computing; 2015, March 14–18; BC, Vancouver, Canada. (2015). p. 981–993.

 43. Chen,Q, Min,C, Zhang,W, Wang,G, Ma,X, and Evans,R. Unpacking the black box: how to promote citizen engagement through government social media during the COVID-19 crisis. Comput Hum Behav. (2020) 110:106380. doi: 10.1016/j.chb.2020.106380 

 44. Boyd,D, Golder,S, and Lotan,G. Tweet, Tweet, Retweet: Conversational Aspects of Retweeting on Twitter. In: 2010 43rd Hawaii International Conference on System Sciences; 2010, January 5–8; Honolulu, HI, USA. (2010). p.1–10.

 45. Li,Y, and Xie,Y. Is a picture worth a thousand words? An empirical study of image content and social media engagement. J Mark Res. (2020) 57:1–19. doi: 10.1177/0022243719881113

 46. Yang,Z, Nguyen,LH, Stuve,J, Cao,G, and Jin,F. Harvey Flooding Rescue in Social Media. In: 2017 IEEE International Conference on Big Data (Big Data); 2017, December 11–14; Boston, MA, USA. (2017) p. 2177–2185.

 47. Lahuerta-Otero,E, Cordero-Gutiérrez,R, and De La Prieta-Pintado,F. Retweet or like? That is the question. Online Inf Rev. (2018) 42:562–78. doi: 10.1108/OIR-04-2017-0135

 48. Nesi,P, Pantaleo,G, Paoli,I, and Zaza,I. Assessing the reTweet proneness of tweets: predictive models for retweeting. Multimed Tools Appl. (2018) 77:26371–96. doi: 10.1007/s11042-018-5865-0

 49. Petrovic,S, Osborne,M, and Lavrenko,V. Rt to Win! Predicting Message Propagation in Twitter. In: Proceedings of the International AAAI Conference on Web and Social Media; 2011, July 17–21; Catalonia, Spain. (2011). p. 586–589.

 50. ODonovan,J, Kang,B, Meyer,G, Höllerer,T, and Adalii,S. Credibility in Context: An Analysis of Feature Distributions in Twitter. In: 2012 International Conference on Privacy, Security, Risk and Trust and 2012 International Conference on Social Computing; 2012, September 3–5; Amsterdam, Netherlands. (2012). p. 293–301.

 51. Goldenberg,A, and Gross,JJ. Digital emotion contagion. Trends Cogn Sci. (2020) 24:316–28. doi: 10.1016/j.tics.2020.01.009

 52. Stieglitz,S, and Dang-Xuan,L. Emotions and information diffusion in social media—sentiment of microblogs and sharing behavior. J Manag Inf Syst. (2013) 29:217–48. doi: 10.2753/MIS0742-1222290408

 53. Naveed,N, Gottron,T, Kunegis,J, and Alhadi,AC. Bad News Travel Fast: A Content-Based Analysis of Interestingness on Twitter. In: Proceedings of the 3rd International Web Science Conference; 2011, June 15–17; Koblenz, Germany. (2011). p. 1–7.

 54. Sun,K, Wang,H, and Zhang,J. The impact factors of social media users' forwarding behavior of COVID-19 vaccine topic: based on empirical analysis of Chinese Weibo users. Front Public Health. (2022) 10:871722. doi: 10.3389/fpubh.2022.871722 

 55. Huo,Lei, and Yuan,Jiu. Dear Netizens, We Are LeiHuoJiuYuan team. Weibo; (2020). Available at: https://weibo.com/7385180536/Ito6g2awU (Accessed October 01, 2023).

 56. Lecun,Y, Bottou,L, Bengio,Y, and Haffner,P. Gradient-based learning applied to document recognition. Proc IEEE. (1998) 86:2278–324. doi: 10.1109/5.726791

 57. Lecun,Y, Boser,B, Denker,JS, Henderson,D, Howard,RE, Hubbard,W , et al. Backpropagation applied to handwritten zip code recognition. Neural Comput. (1989) 1:541–51. doi: 10.1162/neco.1989.1.4.541

 58. Bengio,Y, Simard,P, and Frasconi,P. Learning long-term dependencies with gradient descent is difficult. IEEE Trans Neural Netw. (1994) 5:157–66. doi: 10.1109/72.279181 

 59. Devlin,J, Chang,MW, Lee,K, and Toutanova,K. Bert: pre-training of deep bidirectional transformers for language understanding. ArXiv. (2018) 1810:4805. doi: 10.48550/arXiv.1810.04805

 60. Conneau,A, Khandelwal,K, Goyal,N, Chaudhary,V, Wenzek,G, Guzmán,F , et al. Unsupervised cross-lingual representation learning at scale. ArXiv. (2019). doi: 10.48550/arXiv.1911.02116

 61. Thelwall,M, Buckley,K, and Paltoglou,G. Sentiment strength detection in the social web. Journal of the American Society for Information Science and Technology. (2012) 63:163–73.

 62. Xu,G, Yu,Z, Yao,H, Li,F, Meng,Y, and Wu,X. Chinese text sentiment analysis based on extended sentiment dictionary. IEEE Access. (2019) 7:43749–62. doi: 10.1109/ACCESS.2019.2907772

 63. Yang,Z, Xi,W, Yang,Z, Shi,Z, Huang,G, Guo,J , et al. Time-lag response of landslide to reservoir water level fluctuations during the storage period: a case study of Baihetan Reservoi. Water. (2023) 15:2732. doi: 10.3390/w15152732

 64. Mevorach,T, Zur,G, Benaroya-Milshtein,N, Apter,A, Fennig,S, and Barzilay,S. A following wave pattern of suicide-related pediatric emergancy room admissions during the COVID-19 pandemic. Int J Environ Res Public Health. (2023) 20:1619. doi: 10.3390/ijerph20021619 

 65. Yan,W, Du,M, Qin,C, Liu,Q, Wang,Y, Liang,W , et al. Association between public attention and monkeypox epidemic: a global lag-correlation analysis. J Med Virol. (2023) 95:e28382. doi: 10.1002/jmv.28382 

 66. Mccullagh,P. Generalized Linear Models. 2nd ed CRC Press (2019).

 67. Moghimbeigi,A, Eshraghian,MR, Mohammad,K, and Mcardle,B. Multilevel zero-inflated negative binomial regression modeling for over-dispersed count data with extra zeros. Journal of Applied Statistics. (2008) 35:1193–1202.

 68. Greene,W. Accounting for Excess Zeros and Sample Selection in Poisson and Negative Binomial Regression Models. NYU Working Papers; (1994). Available at: http://hdl.handle.net/2451/26263

 69. Blasco-Moreno,A, Pérez-Casany,M, Puig,P, Morante,M, and Castells,E. What does a zero mean? Understanding false, random and structural zeros in ecology. Methods Ecol Evol. (2019) 10:949–59. doi: 10.1111/2041-210X.13185

 70. Islam,S, Haque,CE, Hossain,S, and Rochon,K. Role of container type, behavioural, and ecological factors in Aedes pupal production in Dhaka, Bangladesh: an application of zero-inflated negative binomial model. Acta Trop. (2019) 193:50–9. doi: 10.1016/j.actatropica.2019.02.019

 71. Bilawal Khaskheli,M, Wang,S, Hussain,RY, Jahanzeb Butt,M, Yan,X, and Majid,S. Global law, policy, and governance for effective prevention and control of COVID-19: a comparative analysis of the law and policy of Pakistan, China, and Russi. Front Public Health. (2023) 10:1035536. doi: 10.3389/fpubh.2022.1035536 

 72. Papageorgiou,M, and de Melo,DSN. China as a responsible power amid the COVID-19 crisis: perceptions of partners and adversaries on twitter. Fudan J Hum Soc Sci. (2022) 15:159–88. doi: 10.1007/s40647-022-00344-y


Copyright
 © 2024 Jiang, Yao and Song. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/fpubh-12-1320146-t004.jpg
Data

Test

Validation

Models name
bert-base-chinese
xlm-roberta-base
xIm-roberta-large
bert-base-chinese
xlm-roberta-base

xIm-roberta-large

Accuracy
0816
0.794
0825
0831
0779

0.836

precision
0.826
0.805
0832
0.839
0.787

0841

Recall
0816
0794
0.825
0831
0779

0.836

F1
0814
0792
0.823
0.830
0772

0834





OPS/xhtml/Nav.xhtml




Contents





		Cover



		A multidimensional comparative study of help-seeking messages on Weibo under different stages of COVID-19 pandemic in China



		1 Introduction



		2 Methods



		2.1 Data collection and processing



		2.2 Topic classification



		2.3 Retweeting influencing factors



		2.3.1 Emotional intensity









		2.4 Speed









		3 Results



		3.1 RQ1: the content difference of help-seeking messages in different stages of the COVID-19 pandemic



		3.2 RQ2: comparison of the temporal distribution of help-seeking messages in different stages of the COVID-19 pandemic



		3.3 RQ3: comparison of influencing factors of Weibo help-seeking message retweets in different stages of the COVID-19 pandemic



		3.3.1 Model comparison



		3.3.2 Analysis of the regression results of the factors influencing the retweeting of Weibo help-seeking messages in different stages of the COVID-19 pandemic















		4 Discussion



		4.1 Limitations









		5 Conclusion



		Data availability statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher’s note



		References



















OPS/images/fpubh-12-1320146-t003.jpg
Periods Categories
COVID-19 patients seeking hospital treatment
COVID-19 patients seeking drugs

Other discases patients seeking hospital

treatment
Middleperiod | () diseases patients seeking drugs
(17172022

sy | Seekingsuplies

Seeking help to optimize management
measures

Problem counseling

Other

COVID-19 patients seeking hospital treatment
COVID-19 patients seeking drugs

Other diseases patients seeking hospital

Later period treatment

(12/102022 | Selling drugs
- 2/2512023)  Seeking help to optimize management
measures

Problem counseling

Other

Descriptiol
COVID-19 patient with or without underlying disease seeks help for hospital treatment.

COVID-19 patients with or without underlying disease seek drugs.
Patients with other diseases who are not infected with the COVID-19 virus seck hospital treatment.

Patients with other diseases who are cut off from drugs simply secking drugs.
Lack of foods, immunization items, and other supplies.

Seeking help because of problems caused by inappropriate management measures, such as quarantine,

containment, transportation, or inappropriate management of neighborhoods or treets.
‘Those who are confused about a problem and ask for a solution on Weibo.

‘Those who do not fallinto the above categories are categorized as other.

COVID-19 patient with or without underlying disease secks help for hospital treatment.

COVID-19 patients with or without underlying disease seek drugs.

Patients with other discases who are cut off from drugs simply secking drugs.

Wish to pass on surplus or hoarded drugs to others.

Seeking help because oflfe distress caused by inappropriate management practices, such as liberalized

policies and hospital mismanagement
‘Those who are confused about a problem and ask for a solution on Weibo.

‘Those who do not fall into the above categories are categorized as other.





OPS/images/fpubh-12-1320146-t006.jpg
Max Mean Median Min SD

Middle Later  Middle Later ~ Middle Later Middle Later  Middle Later
period  period period period period period period period period period

Retweets 70,959 8,206 29.987 19.419 0 0 0 o 664.835 299.402
Content

Pictures and videos 1 1 0311 0.305 0 0 0 o 0.463 0.461

Hashtags 1 L 0451 0.384 0 0 0 o 0.498 0.487

@Others 1 1 0.229 0.184 0 0 0 o 0.420 0388

Text length 3,337 3,999 201.960 221.649 144 132 6 7 204.104 356.071
Sentiment intensity 0 0 6040 -3.692 0 0 ~3861 180 47022 14173
Content categories. 8 9 5152 4881 5 7 1 1 1748 3133

User

Followers 245,315,321 5,774,334 271347.505 65028.731 144 126500 0 1 5551418.224 357,534
Verified 1 4 0.109 0.122 0 0 0 o 0312 0327

Posting location
Super topic 1 1 0,603 0505 1 1 0 0 0.489 0500
Speed

First retweeting
1,000,000 1000000 692388291 | 788228488 1,000,000 1,000,000 0.167 1200 461239790 | 408475352
time





OPS/images/fpubh-12-1320146-t005.jpg
Log Likelihood AIC BIC

Middle period Later period Middle period Later period Middle period Later period

Negative binomial regression ~23977.62 ~788.79 47991.23 161158 48128.55 1691.84

Zero-inflated negative binomial
X ~24381.04 / 48500.08 / 4894502 /
regression





OPS/images/fpubh-12-1320146-t002.jpg
Models n;

e

CNN—"fext of posts”

RNN—"text of posts”

CNN—*text of posts” combined with “publishing tool”

RNN—“text of posts” combined with “publishing tool”

Accuracy
0.935
0.925
0.948

0.938

precision
0935
0925
0.950

0.938

Recall
0935
0925
0.948

0.938

F1
0935
0925
0.947

0937





OPS/images/fpubh-12-1320146-t001.jpg
Zhou etal. (3)

Luoeetal. 20)

Yang etal.
Q@n

Guoetal.
@2)

Chen etal.
(23)

Lietal. (24)

Livetal. (25)

Sun etal. (26)

Chenetal.
@7

Huang etal.
@8)

Zhao etal.
9)

Weibo

Weibo

Weibo

Weibo

Weibo

Zhihu

Baidu

Tieba

Weibo

Weibo

Weibo

Weibo

Period of
the
COVID-19
pandemic

Early period

Early period

Early period

Early period

Early period

Early period and

dle period

Early period

Early period

Early period

Early period

Early period

Objective

Exploring whether and to what
extent the help-secking crying
could be heard at the individual

level

Exploring the factors that influence
the dissemination of help-seeking

messages.

Exploring the role that Weibo plays
when users are secking help, as
well s exploring the room for

improvement in Weibo

Exploring the textual features of
Weibo help-secking messages
during the first closure of Wuhan
and the impact of these textual

features on user engagement

Exploring the factors influen
the depth of diffusion of help-

secking messages

Exploring the relationship between
the number of new diagnoses and
the number of help-seeking

messages.

Exploring the support-seeking
strategies and social support
offered on the online forum “Baidu
COVID-19bar”

Exploring Weibo users’ responses

10 help-seekers looking for support

Exploring the motivations and
strategies of commenters of help-

seeking messages

Analyzing the characteristics of the
Weibo help-seekers' medical

conditions

Exploring how help-seekers use the

Internet to seek health information

Methods

Granger causality,bert for
text classification, textual

analysis, logistic regression

Negative binomial

regression, textual analysis

Mixed-methods analysis
combining bert, controlled
interrupted time series
analysis, regression
analysis,etc.

Textual analysis, sentiment

analysis, negative binomial

regression

Textual analysis, sentiment
analysis, negative binomial

regression

LDA model, textual

analysis, sentiment analysis

“Textual analysis

Textual analysis

Interview

“Textual analysis

Entity identification,

textual analysis

Findings

Help-secking message had a Granger causality with
the number of new diagnose, with an 8-day time
lag. Constructing the content-context-
connection(3C) framework. The amounts of
retweets had a significant effect on whether or not

actual help was received, while comments did not.

Posts release anger, express instrumental support
seeking intention, report self-illness, expound
suspected cases’ conditions, and have detailed

individual information disclosure were found to

be more likely to gain retweets.

Existing Weibo functionality needs to be improved
in several ways, including capabilites of search and
tracking requests, ease of use, and privacy

protection.

Summarizing the type of help-seeking messages,
the narrative, the publisher, and the sentiment, and
further exploring the impact of these four aspects

on retweets and comments.

Sender, post content, and situational factors can

impact the diffusion depth of messages.

‘The number of new diagnoses and the number of
help-secking messages were shown to

be significantly positively correlated. People were
most concerned about quarantine assistance and
quarantine locations, and that the public was more
negatively disposed.

Users’ main help-seeking measures were asking for
support and disclosing directly, while the former
was more likely to elict informational support and

the latter was more likely to elicit emotional support.

‘The content characteristics of help-secking message
were found to influence retweets, comments, and
likes. The type of support fellinto three categories:

emotional, informational, and diffusional supports.

Interviews with 23 users in the Weibo Super Topic
revealed that geographic proximity and level of
expertise influenced users' commenting behavior:
Most of the help-seckers were elderly people living
in Whan, most of them had febrile symptoms, and
ground-glass opacities were noted in chest
computed tomography. Family aggregation of
infections was easy to occur.

Chinese citiz

use the Internet as an important
source of health information. The most searched
information included accessing medical treatment,
‘managing self-quarantine, and offline to online

support.





OPS/images/cover.jpg
& frontiers | Frontiers in Public Health

A multidimensional comparative
study of help-seeking messages
on Weibo under different stages
of COVID-19 pandemic in China












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
& frontiers Frontiers in Public Health






OPS/images/fpubh-12-1320146-g003.jpg
seeking help to optimize management measures
35.1%

secking supplics
24.2%

other diseases patients seeking
5.6%

other diseases patients secking ho
9.4% problem counseling

6.3%

COVID-19 patients seeking drugs
1.1% COVID-19 patients secking hospital treatment 10.7%
7.5%





OPS/images/fpubh-12-1320146-g004.jpg
other
10.4%

COVID-19 patients secking hospital treatment
233%

problem counseling
28.1%

ID-19 patients seeking drugs
1%

seeking help to optimize managemey
31% er discases patients seeking hospital treatment

selling dru it

13.9%





OPS/images/fpubh-12-1320146-g001.jpg
£ 15000
£ Daily number of new confirmed cases
& Daily number of new hospital discharges
Daily number of new deaths
10000
5000 -
0 T T
2021/1/1  2021/71  2022/1/1  2022/7/1  2023/1/1

T
2020/1/1  2020/7/1
Date





OPS/images/fpubh-12-1320146-g002.jpg
Pictures and videos

Influence factors of Weibo help-secking messages
retweeting






OPS/images/fpubh-12-1320146-g007.jpg
S
o
1

o
>
1

Spearman correlation

0.4

0.2

0.0+

(-16,0.82) the number of new cases per day

=25

T T T T T T 1

T T T
20 -15 -10 -5 0 5 10 15 20 25

The daily number of help-seeking messages+time lag





OPS/images/fpubh-12-1320146-g005.jpg
2z gggg <~ Daily number of help-seeking messages

S50 Daily number of new confirmed cases
& 4500
4000 -
3500
3000 -
2500
2000 -
1500
1000
500 N s
0 = ‘ e e
2022/1/1 2022/2/20 2022/4/11 2022/5/31
= B Date
2 400 - COVID-19 patients seeking hospital treatment
S 350 | —— COVID-19 patients secking drugs |
& |
300 - Other diseases patients seeking hospital treatment M
—— Other diseases patients seeking drugs |
250 Seeking supplies b
200 - — Seeking help to optimize management measures |
150 -~ Problem counseling
100 - — Other
50 -

0 : S - :
2022/1/1 2022/2/20 2022/4/11 2022/5/31





OPS/images/fpubh-12-1320146-g006.jpg
Quantity

4000~ ( ~ Daily number of help-seeking messages
/ Daily number of new confirmed cases
2000 - W
0 T T T
2022/12/10 2022/12/30 2023/1/19 2023/2/8 2023/2/28
25 Date
- COVID-19 patients secking hospital treatment
——— COVID-19 patients secking drugs
20 f i : .
~— other diseases patients seeking hospital treatment
& selling drugs
) ~—— seeking help to optimize management measures
problem counseling
10 -
5
0= % X
2022/12/10 2022/12/30 2023/1/19 2023/2/8 2023/2/28

Date





OPS/images/fpubh-12-1320146-e001.jpg
= 2 (X = ) (1+ ) (14 30 ) (1+ 260 ) (1415

m=1





OPS/images/fpubh-12-1320146-e002.jpg
Jiax (n2) =1 (2 + k)
-N<k<N





OPS/images/fpubh-12-1320146-t007.jpg
Coefficient Standard error -value p-value

Middle Later Middle Later Middle Later Middle  Later
period period period period period period period  period

Independent variable

Content
Pictures and videos 1611 1044 0052 0278 31028 3751 0.000 0.000
Hashtags ~0.389 ~0.466 0243 0240 ~6.348 ~1.600 0.000 0110
@Others 1174 -0073 0056 0.354 20.829 ~0.493 0.000 0.622
Text length 0.001 0001 0.000 0.000 8.786 2.101 0.000 0.036
Sentiment intensity 0.000 0013 0.001 0.006 0.198 2073 0843 0.038

Content categories (based on COVID-19 patients seeking hospital treatment)

COVID-19 patients seeking drugs -1263 ~0044 0247 0.295 -5123 0149 0.000 0381
Ot discass patientssecking hospial - o o0

treatment

Other diseases patients seeking drugs ~0.164 0.674 0.094 0647 -1733 1042 0.083 0.298
Seeking supplies ~0.684 ~3.089 0.083 1040 -8.229 ~2971, 0.000 0.003
Seeking help to optimize management . - T S

measures

Problem counseling o ~1.780 0122 0329 0.909 ~5.409 0.364 0.000
Other ~1637 -173 o112 0565 ~14.583 ~3.070 0.000 0002
Selling drugs ~2357 0513 ~4593 0.000
User

Followers ~0.000 0.000 0.000 0,000 ~0647 4875 0517 0.000
Verified 0323 0,628 0.073 0357 4405 1758 0.000 0079
Posting location

Super Topic [ 1532 0.056 0310 1979 4940 0.048 0.000

Speed
First retweeting time 0000 0000 0.000 0000 ~111.784 -232%2 0.000 0000





