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Abstract

Background: Social networks have become one of the main channels for obtaining health information. However, they have
also become a source of health-related misinformation, which seriously threatens the public’s physical and mental health.
Governance of health-related misinformation can be implemented through topic identification of rumors on social networks.
However, little attention has been paid to studying the types and routes of dissemination of health rumors on the internet, especially
rumors regarding health-related information in Chinese social media.

Objective: This study aims to explore the types of health-related misinformation favored by WeChat public platform users and
their prevalence trends and to analyze the modeling results of the text by using the Latent Dirichlet Allocation model.

Methods: We used a web crawler tool to capture health rumor–dispelling articles on WeChat rumor-dispelling public accounts.
We collected information from health-debunking articles posted between January 1, 2016, and August 31, 2022. Following word
segmentation of the collected text, a document topic generation model called Latent Dirichlet Allocation was used to identify
and generalize the most common topics. The proportion distribution of the themes was calculated, and the negative impact of
various health rumors in different periods was analyzed. Additionally, the prevalence of health rumors was analyzed by the
number of health rumors generated at each time point.

Results: We collected 9366 rumor-refuting articles from January 1, 2016, to August 31, 2022, from WeChat official accounts.
Through topic modeling, we divided the health rumors into 8 topics, that is, rumors on prevention and treatment of infectious
diseases (1284/9366, 13.71%), disease therapy and its effects (1037/9366, 11.07%), food safety (1243/9366, 13.27%), cancer
and its causes (946/9366, 10.10%), regimen and disease (1540/9366, 16.44%), transmission (914/9366, 9.76%), healthy diet
(1068/9366, 11.40%), and nutrition and health (1334/9366, 14.24%). Furthermore, we summarized the 8 topics under 4 themes,
that is, public health, disease, diet and health, and spread of rumors.

Conclusions: Our study shows that topic modeling can provide analysis and insights into health rumor governance. The rumor
development trends showed that most rumors were on public health, disease, and diet and health problems. Governments still
need to implement relevant and comprehensive rumor management strategies based on the rumors prevalent in their countries
and formulate appropriate policies. Apart from regulating the content disseminated on social media platforms, the national quality
of health education should also be improved. Governance of social networks should be clearly implemented, as these rapidly
developed platforms come with privacy issues. Both disseminators and receivers of information should ensure a realistic attitude
and disseminate health information correctly. In addition, we recommend that sentiment analysis–related studies be conducted
to verify the impact of health rumor–related topics.
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Introduction

Background
Health rumors were first proposed as a significant public health
issue in 2005 [1]. Over the past decade, health rumors have
attracted much attention in China. Currently, health rumors have
become an unavoidable social problem, causing trouble to
netizens [2]. Health rumors are presented as risk information
with unsubstantiated facts that may cause individuals or groups
to engage in inappropriate or unreasonable behavior related to
their health [3]. The rampant spread of health rumors has given
rise to a new phenomenon called the information epidemic [4].
An information epidemic is an excess of information, which
could be both correct and incorrect, thereby making reliable
sources of information elusive; in severe cases, it may even
endanger people’s health [5,6].

Harms of Health Rumors
The crisis of public opinion social networks, which are
characterized by frequent rumors, is often accompanied by
public health emergencies [7]. As a significant medium for
information creation, release, and dissemination, social media
platforms have become the new approach for individuals to
obtain health information [8,9]. A survey [10] has found that
63.26% of the users would use social media to search for health
information. Moreover, a study on users’ preferences for health
information channels showed that users are more willing to use
social media to search for health information rather than online
health information platforms [11]. Although social media has
become the most important channel for users to obtain health
information, it is also filled with several useless and even
harmful health-related misinformation, including uneven quality
of information, serious information pollution, and difficulty
distinguishing between true and false information [12]. Health
rumors that spread widely on social media may affect public
health behaviors and even be threatening to their lives if
treatment is delayed due to the rumors. Since the outbreak of
COVID-19, not only did the disease rapidly spread worldwide
but also the output and impact of rumor information increased
significantly. The World Health Organization carried out a series
of communication campaigns to combat the spread of
misinformation on the spread of the COVID-19 disease and the
information epidemic in 2021 [13-15]. In particular, among
rumors generated by public health crises, the proportion of
health rumors is higher and the social impact is more serious
[16]. In China, epidemic-related rumors in 2020, including
“COVID-19 is a biological weapon” and “Shuang-Huang oral
liquid can treat COVID-19,” consecutively emerged on social
media platforms, including WeChat and Weibo, and
subsequently filled the cyberspace, causing panic to the public
[17].

Social Media Platforms in China
Social media platforms have an impact on how one manages
and confirms or busts health rumors [18]. Research on health

rumors on social media in the United States and India are mainly
categorized as epidemic-related health information, information
epidemic, and anti-vaccine and vaccine hesitancy. However,
research on the health information that is widely circulated on
the social media is lacking [19,20]. Some studies have mainly
focused on Twitter, YouTube, Facebook, and other social media
platforms [21]. Studies on health rumors [22] in China have
mainly focused on Weibo articles without any research on
WeChat articles. However, there are large differences in the
spread of rumors across different platforms. For example, there
is a big difference between WeChat and Weibo regarding the
interpersonal relationships of the users of these platforms.
WeChat is a “strong relationship” network of relatives, friends,
colleagues, and acquaintances, whereas Weibo is a “social
relationship” network composed of people with common hobbies
and interests. The information acquisition and the interpersonal
communication in WeChat have a relatively strong direct effect
on the acquisition of online and offline social support in WeChat
[23]. Compared with rumors in Weibo, those in WeChat are
more easily accepted by readers. Further, the closed and private
nature of WeChat makes it more difficult to clarify rumors, and
the role of rumors is more persistent in WeChat. Therefore, to
explore the prevalence of health rumors according to the typical
events in each period, we decided to consider WeChat as the
research platform. The results of our study can effectively
prevent the subsequent information epidemic of health rumors
and provide evidence-based recommendations for information
exchange and health communication.

Methods

Data Collection
In China, WeChat is the most popular social media platform,
and WeChat official accounts provide high-quality health-related
articles [24]. It allows users to search keywords to see related
accounts and articles [25]. Using this function, we found dozens
of WeChat rumor-dispelling public accounts such as “internet
rumor–dispelling platform,” “rumor-dispelling platform,” and
“Shanghai network rumor dispelling,” by searching with
keywords such as “rumor-dispelling,” “health rumor–dispelling,”
“rumor,” and “health rumors.” These accounts are created by
Chinese city governments, and the articles they refute are
representative of those that disrupt social order and cause serious
public health concerns. To determine whether the trend of rumor
prevalence changed over time, we used the Python web crawler
to collect health rumor–related dispelling articles between
January 1, 2016, and August 31, 2022. After extracting the data,
we formed a data set that contained the time of posting, the
content of each article, and the name of the author who posted
the article. We collected 9410 articles on related official WeChat
accounts. Prior to the analysis, we cleaned up the data after
completing the preprocessing steps. The data cleanup consisted
of removing redundant data, including advertisements and data
sets irrelevant to health rumors. Duplicate data were deleted.
Images were removed, as image texts could not be extracted.
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Additionally, commonly used Chinese pause words such as “a,”
“of,” and “it” were removed [26,27]. The document-term matrix
was constructed, and term frequency-inverse document
frequency was used to process the data. After cleaning and noise
reduction, 9366 valid data were obtained [28].

Data Analysis
We compared several models and found that the nonnegative
matrix factorization model is a matrix decomposition technique
that tries to decompose a nonnegative matrix into a product of
2 nonnegative matrices, where these 2 matrices represent the
features and feature combination weights of the data [29].
Therefore, nonnegative matrix factorization is more suitable for
matrix decomposition of nonnegative data and is applicable to
data such as images, audio, and gene expression [30,31]. In
addition, Latent Dirichlet Allocation (LDA) is a
probabilistic-based generative model that better reflects the
stochastic relationship between documents and topics and helps
to capture the underlying structure of textual data [32]. As an
unsupervised machine learning method, the LDA topic model
uses Dirichlet distribution for probabilistic modeling at 3 levels,
namely, document, topic, and word [33]. It performs semantic
similarity computation on topics, documents, and keywords.
By providing text input and by setting the desired number of
topics, LDA automatically generates a set of topics, assigns
words to topics, and assigns a topic ratio to each document. The
LDA topic model is effective in transforming text categorization
problems into machine-understandable linguistic problems with
improved accuracy [34,35]. By using Gibbs sampling—a method
for estimating the marginal distributions of the variables of
interest—the LDA topic model can determine the topics in the
data pool. Therefore, LDA is more suitable for processing
textual data, and topic modeling of text is used to discover
potential topics in textual data. Finally, the hierarchical Dirichlet
process model is an extension of the LDA model that introduces
a hierarchical structure. In the hierarchical Dirichlet process
model, it is assumed that each document consists of an infinite
number of topics, where each topic is sampled by the upper and
lower Dirichlet processes, and a hierarchical topic structure can
be learned [36]. However, due to the more complex structure
of the hierarchical Dirichlet process model, more parameters
need to be learned. This also increases the model error and
instability [37]. Overall, LDA as a classical model and the
training method is more mature and stable. This study needs a

stable and repeatable result of topic modeling; therefore, LDA
would be a better choice. Several previous studies [38,39] have
demonstrated the effectiveness of the model in research topic
mining and research trend prediction.

Before applying LDA topic modeling, data were first processed
(Figure 1). Python 3.9.7 was used to clean the data to avoid the
noise that affects the topic modeling. Then, Jieba word
segmentation was used to segment the data. We used several
common Chinese deactivation word lists such as the Baidu
deactivation word list, which was used as the basic word list,
and we added high-frequency but nonactual words to the
deactivation word list according to this study. A deactivation
word list was developed for this study when the data were
eliminated and the data were integrated. Domain-specific
research requires the construction of relevant domain lexicons
to improve the effect of word segmentation. Subsequently, the
separated keywords are extracted using the k-means algorithm,
and the data are clustered to form K clusters corresponding to
the optimal number of topics. This step can greatly improve the
performance of the algorithm and stabilize the random inference
of the potential Dirichlet allocation [40].

The number of topics is an important parameter of LDA that
needs to be set manually. In order to determine the appropriate
number of LDA topics, this study employs sensitivity analysis
by using perplexity as a judgment method, which has been
proposed for selecting the appropriate number of LDA topics
[41]. Perplexity is a common method for determining the
number of topics, with smaller perplexity values representing
a better model fit. As shown in Figure 2, the perplexity decreases
as the number of topics increases. However, it is often difficult
to interpret the selection of the number of themes by relying
only on statistical methods. Therefore, we further evaluated the
model effect by sensitivity analysis, which can help us better
adjust the LDA model and obtain an interpretable and stable
topic model [42]. We constantly changed the number of themes,
K, by fixing other parameters and by observing the changes in
the model results. When K is less than 8, the clarity of themes
decreases; when K is greater than 8, the themes are semantically
repetitive. Therefore, we found that when the number of themes
is 8, the consistency score is the highest and the model is the
most stable. Therefore, we chose 8 as the number of themes.
To elaborate the themes, we also generated the theme names
based on the given keywords.

J Med Internet Res 2023 | vol. 25 | e45019 | p. 3https://www.jmir.org/2023/1/e45019
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Flowchart in this study. LDA: Latent Dirichlet Allocation; TF-IDF: term frequency–inverse document frequency.

Figure 2. Topic perplexity score curve for evaluating the performance of the topic model.

Ethics Approval
This study was approved by the ethics committee of Chongqing
Medical University on September 15, 2020.

Results

Topic Modeling
By applying LDA topic modeling, we generated 8 groups of
topics and obtained the top 10 keywords with the frequency of
each group of topics. Each topic content was generated based
on its associated set of keywords. However, no matter how
advanced the statistical measurements are, the complexity of
the language makes it impossible to ensure that the output can
be interpreted in words. Therefore, we added human
interpretation to analyze the topic. Moreover, topics were named
according to the corresponding keywords to illustrate the topic.

Based on the results obtained and the keywords for each topic,
we were able to classify the rumors into the following 8 topics:
(1) prevention and treatment of infectious diseases, (2) disease
therapy and its effects, (3) food safety, (4) cancer and its causes,
(5) regimen and disease, (6) rumors of transmission, (7) healthy
diet, and (8) nutrition and health. Figure 3 shows the intertopic
distance map, where each topic is represented by a circle. The
popularity of each topic is indicated by the area of the circle.
The center of each topic was determined by calculating the
distance between the topics. We used multidimensional scaling
to represent intersubject distances on a 2D plane [43]. As there
was overlapping of topics, the topics were further divided into
the following 4 themes: public health, disease, diet and health,
and spread of rumors. Simultaneously, we determined the
number and proportion of words that belonged to each topic by
counting the number of articles under each topic to understand
the specific interest in each topic. For example, the ratio for
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each topic is the number of debunked articles on that topic
divided by the total number of debunked articles (N=9366).

Finally, we categorized the topic name and keywords as well
as the statistical results as shown in Table 1.

Figure 3. Intertopic distance map. The size of the circles indicates proportionally the number of words that belong to each topic. Th 8 topics are (1)
prevention and treatment of infectious diseases, (2) disease therapy and its effects, (3) food safety, (4) cancer and its causes, (5) regimen and disease,
(6) rumors of transmission, (7) healthy diet, and (8) nutrition and health. PC: principal component.

Table 1. Topics and keywords formulated by Latent Dirichlet Allocation topic modelling (N=9366).

Values, n (%)KeywordsTheme, topic

Theme 1: Public health rumors

1284 (13.71)Virus, vaccine, COVID-19, pneumonia, mask, spread, detect, case, and influenzaTopic 1: Prevention and treatment of infec-
tious diseases

Theme 2: Disease rumors

1037 (11.07)Patient, drug, symptom, disease, child, children, doctor, taking, hypertension, and
blood vessel

Topic 2: Disease therapy and its effects

946 (10.10)Research, cancer, patient, risk, tumor, cell, experiment, gene, factor, and diseaseTopic 4: Cancer and its causes

1540 (16.44)Skin, exercise, body, effect, child, human body, time, female, muscle, and diseaseTopic 5: Regimen and disease

Theme 3: Diet and health rumors

1243 (13.27)Food, product, human body, content, additive, ingredient, standard, food, substance,
and formaldehyde

Topic 3: Food safety

1068 (11.40)Edible, fruit, poisoning, food, vegetable, plant, bacteria, banana, growth, and
hormone

Topic 7: Healthy diet

1334 (14.24)Food, nutrition, fat, diet, protein, content, milk, food, egg, and human bodyTopic 8: Nutrition and health

Theme 4: Spread of rumors

914 (9.76)Network, information, news, network transmission, spread, netizen, spread, expert,
official, and media

Topic 6: Rumors of transmission

Topic Analysis of Health Rumors
As shown in Table 1, statistics related to the prevalence of health
rumors can provide additional insight into the subsequent

analysis of the prevalence of each rumor topic. The topics of
the rumors have been explained below as per the order of their
frequency in the articles.
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Topic 5
According to the research results, we summarized regimen and
disease in topic 5, and the keywords were skin, exercise, body,
human body, muscle, and disease. We found rumors, including
“drinking can make the body warmer” and “doing yoga is
harmful to the body.” In all articles, topic 5 ranked first,
accounting for 16.44% (1540/9366) of all the articles.

Topic 8
The keywords in topic 8 focused on food, nutrition, fat, diet,
protein, and milk. Therefore, we summarized topic 8 as
“nutrition and health.” We found rumors, including “drinking
bone soup can provide calcium” and “drinking vinegar can
soften blood vessels.” Debunking articles under the “nutrition
and health” theme ranked second, comprising 14.24%
(1334/9366) of all the articles.

Topic 1
Infectious diseases are a hot topic of social concern. Particularly,
since the outbreak of COVID-19 in late 2019, several infectious
disease–related health rumors have been generated. Through
topic modeling, we obtained keywords, including virus, vaccine,
COVID-19, epidemic, pneumonia, spread, and influenza.
Consequently, we summarized topic 1 as “the prevention and
treatment of infectious diseases.” Among the articles we
collected, we found health rumors such as “COVID-19 stays in
the throat for 4 days, and gargling can eliminate the virus” and
“drinking more tea can strengthen immunity and prevent the
novel coronavirus.” Rumor articles related to topic 1 ranked
third, accounting for 13.71% (1284/9366) of all the articles.

Topic 3
According to our research results, we found that the number of
rumor articles in topic 3 was 1243, accounting for 13.27% of
all the articles. Among them, the keywords of this topic were
focused on food, product, content, additive, ingredient, standard,
food, and hazard. By sorting through these keywords, we defined
topic 3 as “food safety.” Some of the articles were similar to
those that read “eating watermelon and peaches at the same
time will lead to poisoning” and “eating too much honey will
cause premature puberty.” Topic 3 ranked fourth based on the
number of articles.

Topic 7
From the results of topic modeling, topic 7 was composed of
keywords, including edible, fruit, poisoning, food, bacteria,
hormones, and toxins. Therefore, we summarized topic 7 as
“healthy diet.” From the collected articles, we extracted health
rumors, including “yolks are high in cholesterol, so eating too
much is bad for your health” and “cherries can cause cyanide
poisoning if you eat too much.” According to the statistical
results, topic 7 ranked fifth, accounting for 11.40% (1068/9366)
of all the articles.

Topic 2
Based on keywords, including patient, drug, symptom, disease,
children, hypertension, blood vessel, and hospital, we
summarized topic 2 as “disease therapies and effects.”
Additionally, from the collected articles, we extracted health

rumors such as “wearing blue light glasses can prevent myopia”
and “folk prescription can be used to treat hypertension.”
According to the statistical results, topic 2 ranked sixth,
accounting for 11.07% (1037/9366) of all the articles.

Topic 4
Through the research results, we found that the keywords of
topic 4 mainly focused on research, cancer, risk, tumor, cell,
experiment, gene, alcohol, anticancer, and drugs. Therefore, we
summarized topic 4 as “cancer and its causes.” Furthermore,
from the articles we collected, we found rumors such as
“drinking more liquor can fight cancer” and “if the body
constitution is acidic, it is more prone to cancer.” This topic
ranked seventh, accounting for 10.10% (946/9366) of the total
number of articles.

Topic 6
With the rapid development of mobile health, the internet has
increasingly become a convenient channel for obtaining health
information. Concurrently, it also provides a source for health
rumors to arise and spread. Based on the results of keywords,
including network, news, spread, public, netizen, experts,
official, and media, we summarized topic 6 as “rumors of
transmission.” Topic 6 ranked eighth, accounting for 9.76%
(914/9366) of the total number of articles.

Discussion

Principal Findings
We analyzed 9366 health rumor–related articles from January
1, 2016, to August 31, 2022, collected from WeChat official
accounts. The findings of our study can be useful for future
studies on health rumor trend monitoring and characteristic
analysis. Moreover, our study provides a scientific approach
for the management of spread of health rumors on social media
platforms and can effectively prevent the subsequent information
epidemic of health rumors and provide evidence-based
recommendations for information exchange and health
communication. As per the results of topic modeling in our
study, we divided the 8 topics of health rumors into 4 themes,
of which 3 themes were based on the types of rumors and 1
theme was based on the spread of rumors. The line chart of the
development trend of the 3 types of rumors is shown in Figure
4. The development trend of the 3 types of rumors showed that
the number of rumors related to theme 1 (public health) tended
to be flat in the early stage; however, at the end of 2019, the
number of rumors reached the peak in a short time owing to the
sudden outbreak of COVID-19, which was a public health
emergency. Initially, the source of COVID-19 was unclear,
therefore, the rumors of its origin or transmission or causes
could not be accurately verified with evidence-based proofs.
Consequently, the number of COVID-19–related rumors rapidly
increased in 2020. However, before the old rumors were
resolved, new rumors consecutively emerged, and the old and
new rumors became intertwined, thereby making the number
of rumors reach its peak. When the epidemic situation came
under effective control, China vigorously promoted COVID-19
vaccinations and established equitable herd immunity. China’s
effective prevention and control measures for the epidemic
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greatly reduced the public’s fear and anxiety, thereby gradually
reducing the number of rumors [44]. Our findings suggest that
WeChat official accounts can post health rumor–related
disinformation articles on COVID-19, virus infection, and
vaccine intervention. Some of the rumors regarding epidemic
prevention and control were posted by official government
agencies, which made the public angry, leading to the decline
of the government’s prestige and lack of public confidence,
thereby creating a negative impact on the social fight against
the epidemic. Such rumors could even lead to a nationwide
crisis of social trust, which would negatively impact the
government’s public health function. Thus, public health–related
rumors can seriously harm WeChat users and the society [45].

We found that the number of rumors related to theme 2 (disease)
continued increasing since the data collection in 2016, and it
remained at a high and stable level. This trend did not change
until the emergence of the COVID-19 pandemic. In early 2020,
as the pandemic spread and rumors circulated, the public
diverted their attention to fears of contracting the new disease
and ways to prevent the virus. Therefore, Figure 4 shows that
the number of rumors related to theme 2 continued to decline
from December 2019 to March 2020, reaching the lowest value.
However, although the COVID-19 outbreak has been effectively
controlled over time, rumors related to theme 2, including “new
coronavirus causes severe infections and its complications” and
“new coronavirus pneumonia can cause a decline in immunity,”
have re-emerged in the society; therefore, the trend of these
rumors bounced back from June 2020 to February 2022. We
observed that among the rumors of theme 2, topic 5 (regimen
and disease) had the highest proportion of rumors because in
different periods, Chinese individuals have frequently paid more
attention to regimens, for example, Chinese people have always
attached great importance to traditional Chinese medicine such
as acupuncture and fire-cupping not only because it can cure
diseases but also because it can nourish the body. Even before
the COVID-19 pandemic, there were some health-related rumors
without any scientific basis, including “shampooing with beer
will protect your hair” and “exercising on an empty stomach
will help you lose weight” [46,47]. However, after the
COVID-19 outbreak, the health rumors that appeared were
“taking hot showers can prevent the novel coronavirus” and
“basking in the sun can eliminate the novel coronavirus,”
resulting in a greater number of rumors related to topic 5 than
the number of rumors related to other topics. The popularity
trend of the rumors related to theme 2 shows that health
information related to diseases has always been a hotspot of
people’s attention; therefore, the popularity of disease rumors
remains stable for a long time. The results of topic modeling
also showed that disease rumors are mainly categorized into 3
topics, which are closely related to people’s health: disease
therapy and its effects, cancer and its causes, and regimen and
disease. The analysis of these 3 topics showed that disease
rumors harm people in many ways. Disease rumors not only

seriously hinder patients from obtaining correct and timely
diagnosis and treatment information but also reduce the efficacy
of patients’ treatment. Therefore, our study highlights that the
public should not only improve their personal health literacy
and learn to identify health rumors but be able to differentiate
accurate information from misleading ones to prevent
deterioration of their diseases by believing rumors. In addition,
the government should pay more attention to health rumors to
prevent the public’s health from being threatened by the rampant
spread of disease rumors.

A healthy diet is a key topic of concern in every country.
Therefore, the number of rumors related to specific diets is
generally high. The trend of theme 3 (diet and health) indicates
2 peaks in a year (Figure 4), particularly in August 2017 and
March 2018. The first peak occurs in August. Since high
temperatures in summer can lead to food spoilage, summer is
the peak period for food safety incidents, which also suggests
that health rumors are easy to spread during this period. The
second peak occurs in March after the traditional spring festival
in China. Not only is this the time for people to have large meals
but also the time for various kinds of overeating and frequent
food poisonings, leading to a continuous increase in the number
of health rumors. In 2020, the popularity of theme 3 decreased
to its lowest level due to the COVID-19 pandemic. For a while,
rumor mongers turned all their attention to COVID-19.
However, by observing the subsequent rumor articles, we found
that there were rumors on the internet, including “COVID-19
intervention by improving healthy diets and health products,”
which caused the trend of theme 3 to rebound in July 2020.
From the results of theme 3, we can draw the following
conclusion: it is urgent to dispel rumors on healthy diets because
a healthy diet not only concerns people’s physical condition but
also represents the stability of the country and society.
Therefore, health-related rumors on the internet should be
regulated and controlled because rumors of specific diets can
have a serious impact on the society [48].

We analyzed not only the prevalence trend of rumors but also
the characteristics of rumor propagation. In this study, by
observing the content characteristics of the collected articles,
we found that the rumor articles collected earlier mostly
appeared in the form of text and had a single content form.
However, in the later stage, the collected rumors were mostly
circulated in the form of text content combined with pictures
or videos, thereby increasing the rumors’ credibility. WeChat
is one of the most popular messaging tools used for
communication. Numerous WeChat groups and public accounts
have built a broad platform for health communication. However,
along with the development of WeChat, many issues and hidden
dangers have emerged with this platform. For example, WeChat
is a social media platform with a large number of users, but the
information shared on this platform is relatively closed and not
transparent [49,50]. Consequently, WeChat became a disastrous
platform for the spread of health rumors.
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Figure 4. Health rumor trend chart of each type of rumor from January 1, 2016, to August 31, 2022. A. Public health rumors. B. Disease rumors. C.
Diet and health rumors. D. Spread of rumors.

Key Learnings
Our findings could facilitate the prevention and control of health
rumors in the future, in terms of both the areas in which health
rumors occur and the ways in which they are spread. First, as
health rumors occur more often in the medical field, these
messages aim to popularize health science and improve health
literacy among readers, but people interpret these messages out
of context and exaggerate them, thereby distorting the audience’s
understanding of health information. Therefore, the governance
of health rumors requires not only the WeChat platform but
also the joint efforts of relevant governments and medical
institutions to verify and disseminate health information after
vetting. Second, sharing information anonymously on mobile
and web-based platforms is on the rise. Many users spread
rumors on social media under anonymous usernames without
any connections to online personal identities [51,52]. Therefore,
it is recommended to implement real-name authentication for
health information senders on the WeChat platform to ensure
the authenticity and traceability of information. This can ensure
that health information is more reliable in all aspects. Third, the
use of artificial intelligence in the WeChat platform for
information review can help in viewing huge amount of health
information in a timely and effective manner every day. The
automatic screening of big data and artificial intelligence,
supplemented by manual auditing, has improved the efficiency
of health information auditing on WeChat platforms. Finally,
WeChat should strengthen the fact-checking of articles published
on public accounts. Fact review can effectively ensure the
objectivity of the articles; they not only improve the credibility
of official accounts but also ensure the high quality of the
published articles. Before each article is published, fact-checking
can not only confirm the accuracy of the content but also ensure
the authenticity of the content. On the one hand, it can avoid

readers’ misunderstanding of the content of the article, while
on the other hand, it can reduce the wanton spread of
health-related misinformation on the network. It will truly stop
rumors at the source and filter the content posted in the network
environment. Furthermore, the public accounts in this study are
mostly government departments, medical institutions, and
officially verified rumor-refuting accounts [51]. We find that
the scope and influence of rumor spread in chat tools are small,
and most rumors are clarified by the government authorities.
In contrast, rumors circulating on Weibo have a greater impact
and will attract the attention of higher level departments, which
will then intervene. These findings highlight the significance
of coordinating the role of central and local agencies in
establishing mechanisms to refute rumors, improve feedback
mechanisms, and maximize the self-filtering capacity of social
media.

Limitations
This study has several limitations. First, content analysis was
performed on articles generated by WeChat official accounts.
Because the rumor that was initially circulated would be
removed after refutation, obtaining the original rumor articles
was impossible. Second, this study only analyzes the content
of the articles. Therefore, in future studies, the number of likes
for the articles and the comments of the users should be
collected, which can be used for emotional analysis experiments.
Lastly, not all rumors have been resolved. In contrast, there
remain several rumors in the network that need to be proved by
scientific experiments to reach a conclusion. Therefore,
unconfirmed rumors should be analyzed in future studies.

Conclusion
The emergence of health rumors hinders the spread of accurate
health information and damages the environment of health
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information release. This situation has also affected the
credibility of healthy communication on social media and
created a crisis of confidence. Moreover, the spread of health
rumors has aggravated public panic, bringing shock and trouble
to social stability. We collected discredited articles on health
rumors from WeChat official accounts and used topic modeling
to analyze the content of the articles. This approach could help
the society better understand the negative effects of health
rumors spread through social media. We believe that
governments need to strengthen the control of the spread of
health rumors on different platforms, increase the punishment
for the spread of health rumors, and vigorously publicize the
harm caused by health rumors. Owing to the uneven cultural

level of the internet users, they lack recognition of the
authenticity of information. Therefore, they may become rumor
victims and may potentially become rumor spreaders. The
governance of health rumors is a slow process, and it takes time
to test the results of its management. We should deal with the
problems that social networks bring in the process of rapid
development and clarify the idea of governance. Both
disseminators and receivers of information should ensure a
realistic attitude and disseminate health information correctly.
We suggest that social media platforms develop more
rumor-refuting applications or WeChat mini-programs.
Furthermore, the government should encourage the creation of
more rumor-dispelling public accounts to eradicate rumors.

Acknowledgments
This research was supported by the Intelligent Medicine Research Project of Chongqing Medical University (YJSZHYX202223
and ZHYX202105).

Data Availability
The data sets generated during and analyzed during this study are available from the corresponding author on reasonable request.

Conflicts of Interest
None declared.

References

1. Yang Z. Pseudo-health communication and citizen media literacy. News Reporter. 2005 Apr. URL: https://tinyurl.com/
skcer6f4 [accessed 2023-08-30]

2. Wang X, Li Y, Li J, Liu Y, Qiu C. A rumor reversal model of online health information during the COVID-19 epidemic.
Inf Process Manag 2021 Nov;58(6):102731 [FREE Full text] [doi: 10.1016/j.ipm.2021.102731] [Medline: 34539040]

3. Tang Z, Miller AS, Zhou Z, Warkentin M. Understanding rumor combating behavior on social media. Journal of Computer
Information Systems 2021 Nov 19;62(6):1112-1124 [doi: 10.1080/08874417.2021.1983486]

4. Suarez-Lledo V, Alvarez-Galvez J. Assessing the role of social bots during the COVID-19 pandemic: infodemic,
disagreement, and criticism. J Med Internet Res 2022 Aug 25;24(8):e36085 [FREE Full text] [doi: 10.2196/36085] [Medline:
35839385]

5. Zarocostas J. How to fight an infodemic. The Lancet 2020 Feb;395(10225):676 [doi: 10.1016/s0140-6736(20)30461-x]
6. Wu J, Zuo R, He C, Xiong H, Zhao K, Hu Z. The effect of information literacy heterogeneity on epidemic spreading in

information and epidemic coupled multiplex networks. Physica A 2022 Jun 15;596:127119 [FREE Full text] [doi:
10.1016/j.physa.2022.127119] [Medline: 35342220]

7. Prandi L, Primiero G. Effects of misinformation diffusion during a pandemic. Appl Netw Sci 2020;5(1):82 [FREE Full
text] [doi: 10.1007/s41109-020-00327-6] [Medline: 33163618]

8. Baker L, Wagner TH, Singer S, Bundorf MK. Use of the internet and e-mail for health care information: results from a
national survey. JAMA 2003 May 14;289(18):2400-2406 [doi: 10.1001/jama.289.18.2400] [Medline: 12746364]

9. Liu L, Wei K, Zhang X, Wen D, Gao L, Lei J. The current status and a new approach for Chinese doctors to obtain medical
knowledge using social media: a study of WeChat. Wireless Communications and Mobile Computing 2018;2018:1-10 [doi:
10.1155/2018/2329876]

10. Zhang X, Wen D, Liang J, Lei J. How the public uses social media wechat to obtain health information in China: a survey
study. BMC Med Inform Decis Mak 2017 Jul 05;17(Suppl 2):66 [FREE Full text] [doi: 10.1186/s12911-017-0470-0]
[Medline: 28699549]

11. Yan Q, Wu L, Zheng L. Social network based microblog user behavior analysis. Physica A: Statistical Mechanics and its
Applications 2013 Apr;392(7):1712-1723 [doi: 10.1016/j.physa.2012.12.008]

12. Suarez-Lledo V, Alvarez-Galvez J. Prevalence of health misinformation on social media: systematic review. J Med Internet
Res 2021 Jan 20;23(1):e17187 [FREE Full text] [doi: 10.2196/17187] [Medline: 33470931]

13. Malik A, Khan ML, Quan-Haase A. Public health agencies outreach through Instagram during the COVID-19 pandemic:
crisis and emergency risk communication perspective. Int J Disaster Risk Reduct 2021 Jul;61:102346 [FREE Full text]
[doi: 10.1016/j.ijdrr.2021.102346] [Medline: 36337987]

J Med Internet Res 2023 | vol. 25 | e45019 | p. 9https://www.jmir.org/2023/1/e45019
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://tinyurl.com/skcer6f4
https://tinyurl.com/skcer6f4
https://europepmc.org/abstract/MED/34539040
http://dx.doi.org/10.1016/j.ipm.2021.102731
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34539040&dopt=Abstract
http://dx.doi.org/10.1080/08874417.2021.1983486
https://www.jmir.org/2022/8/e36085/
http://dx.doi.org/10.2196/36085
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35839385&dopt=Abstract
http://dx.doi.org/10.1016/s0140-6736(20)30461-x
https://europepmc.org/abstract/MED/35342220
http://dx.doi.org/10.1016/j.physa.2022.127119
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35342220&dopt=Abstract
https://air.unimi.it/handle/2434/783117
https://air.unimi.it/handle/2434/783117
http://dx.doi.org/10.1007/s41109-020-00327-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33163618&dopt=Abstract
http://dx.doi.org/10.1001/jama.289.18.2400
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12746364&dopt=Abstract
http://dx.doi.org/10.1155/2018/2329876
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/s12911-017-0470-0
http://dx.doi.org/10.1186/s12911-017-0470-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28699549&dopt=Abstract
http://dx.doi.org/10.1016/j.physa.2012.12.008
https://www.jmir.org/2021/1/e17187/
http://dx.doi.org/10.2196/17187
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33470931&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2212-4209(21)00312-5
http://dx.doi.org/10.1016/j.ijdrr.2021.102346
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36337987&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


14. Islam MS, Sarkar T, Khan SH, Mostofa Kamal AH, Hasan SMM, Kabir A, et al. COVID-19-related infodemic and its
impact on public health: a global social media analysis. Am J Trop Med Hyg 2020 Oct;103(4):1621-1629 [FREE Full text]
[doi: 10.4269/ajtmh.20-0812] [Medline: 32783794]

15. Xiao Q, Huang W, Zhang X, Wan S, Li X. Internet rumors during the COVID-19 pandemic: dynamics of topics and public
psychologies. Front Public Health 2021;9:788848 [FREE Full text] [doi: 10.3389/fpubh.2021.788848] [Medline: 34988056]

16. Pu G, Jin L, Xiao H, Shu-Ting W, Xi-Zhe H, Ying T, et al. Systematic evaluation of COVID-19 related internet health
rumors during the breaking out period of COVID-19 in China. Health Promot Perspect 2021;11(3):288-298 [FREE Full
text] [doi: 10.34172/hpp.2021.37] [Medline: 34660223]

17. Zhang L, Chen K, Jiang H, Zhao J. How the health rumor misleads people's perception in a public health emergency: lessons
from a purchase craze during the COVID-19 outbreak in China. Int J Environ Res Public Health 2020 Oct 02;17(19):7213
[FREE Full text] [doi: 10.3390/ijerph17197213] [Medline: 33023103]

18. Cuello-Garcia C, Pérez-Gaxiola G, van Amelsvoort L. Social media can have an impact on how we manage and investigate
the COVID-19 pandemic. J Clin Epidemiol 2020 Nov;127:198-201 [FREE Full text] [doi: 10.1016/j.jclinepi.2020.06.028]
[Medline: 32603686]

19. Xue H, Taylor L. When do people believe, check, and share health rumors on social media? Effects of evidence type, health
literacy, and health knowledge. J Health Psychol 2023 Jun;28(7):607-619 [doi: 10.1177/13591053221125992] [Medline:
36168751]

20. Dasgupta R, Mishra P, Yadav K. COVID-19 vaccination and the power of rumors: Why we must “Tune in”. Indian J Public
Health 2021;65(2):206 [doi: 10.4103/ijph.ijph_89_21]

21. Tasnim S, Hossain MM, Mazumder H. Impact of rumors and misinformation on COVID-19 in social media. J Prev Med
Public Health 2020 May;53(3):171-174 [FREE Full text] [doi: 10.3961/jpmph.20.094] [Medline: 32498140]

22. Dong W, Tao J, Xia X, Ye L, Xu H, Jiang P, et al. Public emotions and rumors spread during the COVID-19 epidemic in
China: Web-based correlation study. J Med Internet Res 2020 Nov 25;22(11):e21933 [FREE Full text] [doi: 10.2196/21933]
[Medline: 33112757]

23. Wang G, Zhang W, Zeng R. WeChat use intensity and social support: The moderating effect of motivators for WeChat
use. Computers in Human Behavior 2019 Feb;91:244-251 [doi: 10.1016/j.chb.2018.10.010]

24. Ying H, Meng W, Zheng L. Understanding the health information sharing behavior of social media users: an empirical
study on WeChat. Journal of Organizational and End User Computing 2021 Sep;33(5):24 [doi:
10.4018/JOEUC.20210901.oa9]

25. Ma X, Lu J, Liu W. Influencing factors on health information to improve public health literacy in the official WeChat
account of Guangzhou CDC. Front Public Health 2021;9:657082 [FREE Full text] [doi: 10.3389/fpubh.2021.657082]
[Medline: 34414152]

26. He B, De Sa C, Mitliagkas I, Ré C. Scan order in Gibbs sampling: models in which it matters and bounds on how much.
Adv Neural Inf Process Syst 2016;29:6589 [FREE Full text] [Medline: 28344429]

27. Hajjem M, Latiri C. Combining IR and LDA topic modeling for filtering microblogs. Procedia Computer Science
2017;112:761-770 [doi: 10.1016/j.procs.2017.08.166]

28. Richter L. Mining of massive datasets. Biom 2019 Feb 04;74(4):1520-1521 [doi: 10.1111/biom.12982]
29. Zhao Y, Wang H, Pei J. Deep non-negative matrix factorization architecture based on underlying basis images learning.

IEEE Trans Pattern Anal Mach Intel 2021 Jun 1;43(6):1897-1913 [doi: 10.1109/TPAMI.2019.2962679]
30. Jiang X, Zhang H, Zhang Z, Quan X. Flexible non-negative matrix factorization to unravel disease-related genes. IEEE/ACM

Trans Comput Biol Bioinf 2019:1-1 [doi: 10.1109/tcbb.2018.2823746]
31. Yang Z, Liang N, Yan W, Li Z, Xie S. Uniform distribution non-negative matrix factorization for multiview clustering.

IEEE Trans Cybern 2021 Jun;51(6):3249-3262 [doi: 10.1109/tcyb.2020.2984552]
32. Vo D, Hai VT, Ock C. Exploiting language models to classify events from Twitter. Comput Intell Neurosci 2015;2015:401024

[FREE Full text] [doi: 10.1155/2015/401024] [Medline: 26451139]
33. Blei D, Carin L, Dunson D. Probabilistic topic models. IEEE Signal Process Mag 2010 Nov:55-65 [doi:

10.1109/msp.2010.938079]
34. Wang W, Guo B, Shen Y, Yang H, Chen Y, Suo X. Neural labeled LDA: a topic model for semi-supervised document

classification. Soft Comput 2021 Oct 15;25(23):14561-14571 [doi: 10.1007/s00500-021-06310-2]
35. Ortigosa A, Carro RM, Quiroga JI. Predicting user personality by mining social interactions in Facebook. Journal of

Computer and System Sciences 2014 Feb;80(1):57-71 [doi: 10.1016/j.jcss.2013.03.008]
36. Paisley J, Wang C, Blei DM, Jordan MI. Nested hierarchical Dirichlet processes. IEEE Trans Pattern Anal Mach Intel 2015

Feb;37(2):256-270 [doi: 10.1109/tpami.2014.2318728]
37. Adossa N, Rytkönen KT, Elo LL. Dirichlet process mixture models for single-cell RNA-seq clustering. Biol Open 2022

Apr 15;11(4):bio059001 [FREE Full text] [doi: 10.1242/bio.059001] [Medline: 35237784]
38. Gupta A, Katarya R. PAN-LDA: A latent Dirichlet allocation based novel feature extraction model for COVID-19 data

using machine learning. Comput Biol Med 2021 Nov;138:104920 [FREE Full text] [doi: 10.1016/j.compbiomed.2021.104920]
[Medline: 34655902]

J Med Internet Res 2023 | vol. 25 | e45019 | p. 10https://www.jmir.org/2023/1/e45019
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

https://europepmc.org/abstract/MED/32783794
http://dx.doi.org/10.4269/ajtmh.20-0812
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32783794&dopt=Abstract
https://europepmc.org/abstract/MED/34988056
http://dx.doi.org/10.3389/fpubh.2021.788848
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34988056&dopt=Abstract
https://europepmc.org/abstract/MED/34660223
https://europepmc.org/abstract/MED/34660223
http://dx.doi.org/10.34172/hpp.2021.37
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34660223&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph17197213
http://dx.doi.org/10.3390/ijerph17197213
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33023103&dopt=Abstract
https://europepmc.org/abstract/MED/32603686
http://dx.doi.org/10.1016/j.jclinepi.2020.06.028
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32603686&dopt=Abstract
http://dx.doi.org/10.1177/13591053221125992
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36168751&dopt=Abstract
http://dx.doi.org/10.4103/ijph.ijph_89_21
https://europepmc.org/abstract/MED/32498140
http://dx.doi.org/10.3961/jpmph.20.094
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32498140&dopt=Abstract
https://www.jmir.org/2020/11/e21933/
http://dx.doi.org/10.2196/21933
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33112757&dopt=Abstract
http://dx.doi.org/10.1016/j.chb.2018.10.010
http://dx.doi.org/10.4018/JOEUC.20210901.oa9
https://europepmc.org/abstract/MED/34414152
http://dx.doi.org/10.3389/fpubh.2021.657082
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34414152&dopt=Abstract
https://europepmc.org/abstract/MED/28344429
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28344429&dopt=Abstract
http://dx.doi.org/10.1016/j.procs.2017.08.166
http://dx.doi.org/10.1111/biom.12982
http://dx.doi.org/10.1109/TPAMI.2019.2962679
http://dx.doi.org/10.1109/tcbb.2018.2823746
http://dx.doi.org/10.1109/tcyb.2020.2984552
https://doi.org/10.1155/2015/401024
http://dx.doi.org/10.1155/2015/401024
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26451139&dopt=Abstract
http://dx.doi.org/10.1109/msp.2010.938079
http://dx.doi.org/10.1007/s00500-021-06310-2
http://dx.doi.org/10.1016/j.jcss.2013.03.008
http://dx.doi.org/10.1109/tpami.2014.2318728
https://europepmc.org/abstract/MED/35237784
http://dx.doi.org/10.1242/bio.059001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35237784&dopt=Abstract
https://europepmc.org/abstract/MED/34655902
http://dx.doi.org/10.1016/j.compbiomed.2021.104920
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34655902&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


39. Zou C. Analyzing research trends on drug safety using topic modeling. Expert Opin Drug Saf 2018 Jun;17(6):629-636 [doi:
10.1080/14740338.2018.1458838] [Medline: 29621918]

40. Denny MJ, Spirling A. Text preprocessing for unsupervised learning: why it matters, when it misleads, and what to do
about it. Polit. Anal 2018 Mar 19;26(2):168-189 [doi: 10.1017/pan.2017.44]

41. Osmani A, Mohasefi JB, Gharehchopogh FS. Enriched Latent Dirichlet Allocation for sentiment analysis. Expert Systems
2020 Jan 28;37(4):12527 [doi: 10.1111/exsy.12527]

42. Zhao W, Chen JJ, Perkins R, Liu Z, Ge W, Ding Y, et al. A heuristic approach to determine an appropriate number of topics
in topic modeling. BMC Bioinformatics 2015 Dec 01;16(S13):S8 [doi: 10.1186/1471-2105-16-s13-s8]

43. Zamani M, Schwartz HA, Eichstaedt J, Guntuku SC, Ganesan AV, Clouston S, et al. Understanding weekly COVID-19
concerns through dynamic content-specific LDA topic modeling. Proc Conf Empir Methods Nat Lang Process 2020
Nov;2020:193-198 [FREE Full text] [doi: 10.18653/v1/2020.nlpcss-1.21] [Medline: 34095902]

44. Liu S, Li J, Liu J. Leveraging transfer learning to analyze opinions, attitudes, and behavioral intentions toward COVID-19
vaccines: social media content and temporal analysis. J Med Internet Res 2021 Aug 10;23(8):e30251 [FREE Full text] [doi:
10.2196/30251] [Medline: 34254942]

45. Chen B, Chen X, Pan J, Liu K, Xie B, Wang W, et al. Dissemination and refutation of rumors during the COVID-19 outbreak
in China: infodemiology study. J Med Internet Res 2021 Feb 15;23(2):e22427 [FREE Full text] [doi: 10.2196/22427]
[Medline: 33493124]

46. Shampooing with beer will protect your hair. WeChat. URL: https://mp.weixin.qq.com/s/ADqEwygEGiwZnxX2LNjgyQ
[accessed 2020-12-02]

47. Exercising on an empty stomach will help you lose weight. WeChat. URL: https://mp.weixin.qq.com/s/gFqirJtzO6ucfc7e3
E5VLg [accessed 2021-01-22]

48. Wang H, Zou X, Lai K, Luo W, He L. Does quality of life act as a protective factor against believing health rumors?
evidence from a national cross-sectional survey in China. Int J Environ Res Public Health 2021 Apr 27;18(9):4669 [FREE
Full text] [doi: 10.3390/ijerph18094669] [Medline: 33925732]

49. Fagherazzi G, Goetzinger C, Rashid MA, Aguayo GA, Huiart L. Digital health strategies to fight COVID-19 worldwide:
challenges, recommendations, and a call for papers. J Med Internet Res 2020 Jun 16;22(6):e19284 [FREE Full text] [doi:
10.2196/19284] [Medline: 32501804]

50. Zhao Y, Xu S, Wang L, Huang Y, Xu Y, Xu Y, et al. Concerns about information regarding COVID-19 on the internet:
cross-sectional study. J Med Internet Res 2020 Nov 09;22(11):e20487 [FREE Full text] [doi: 10.2196/20487] [Medline:
33095740]

51. Ning P, Cheng P, Li J, Zheng M, Schwebel DC, Yang Y, et al. COVID-19-related rumor content, transmission, and
clarification strategies in China: descriptive study. J Med Internet Res 2021 Dec 23;23(12):e27339 [FREE Full text] [doi:
10.2196/27339] [Medline: 34806992]

52. Jones NM, Thompson RR, Dunkel Schetter C, Silver RC. Distress and rumor exposure on social media during a campus
lockdown. Proc Natl Acad Sci U S A 2017 Oct 31;114(44):11663-11668 [FREE Full text] [doi: 10.1073/pnas.1708518114]
[Medline: 29042513]

Abbreviations
LDA: Latent Dirichlet Allocation

Edited by A Mavragani; submitted 13.12.22; peer-reviewed by J Luo, M Fawad; comments to author 07.07.23; revised version received
22.07.23; accepted 15.08.23; published 21.09.23

Please cite as:
Li Z, Wu X, Xu L, Liu M, Huang C
Hot Topic Recognition of Health Rumors Based on Anti-Rumor Articles on the WeChat Official Account Platform: Topic Modeling
J Med Internet Res 2023;25:e45019
URL: https://www.jmir.org/2023/1/e45019
doi: 10.2196/45019
PMID: 37733396

©Ziyu Li, Xiaoqian Wu, Lin Xu, Ming Liu, Cheng Huang. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 21.09.2023. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete

J Med Internet Res 2023 | vol. 25 | e45019 | p. 11https://www.jmir.org/2023/1/e45019
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://dx.doi.org/10.1080/14740338.2018.1458838
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29621918&dopt=Abstract
http://dx.doi.org/10.1017/pan.2017.44
http://dx.doi.org/10.1111/exsy.12527
http://dx.doi.org/10.1186/1471-2105-16-s13-s8
https://europepmc.org/abstract/MED/34095902
http://dx.doi.org/10.18653/v1/2020.nlpcss-1.21
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34095902&dopt=Abstract
https://www.jmir.org/2021/8/e30251/
http://dx.doi.org/10.2196/30251
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34254942&dopt=Abstract
https://www.jmir.org/2021/2/e22427/
http://dx.doi.org/10.2196/22427
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33493124&dopt=Abstract
https://mp.weixin.qq.com/s/ADqEwygEGiwZnxX2LNjgyQ
https://mp.weixin.qq.com/s/gFqirJtzO6ucfc7e3E5VLg
https://mp.weixin.qq.com/s/gFqirJtzO6ucfc7e3E5VLg
https://www.mdpi.com/resolver?pii=ijerph18094669
https://www.mdpi.com/resolver?pii=ijerph18094669
http://dx.doi.org/10.3390/ijerph18094669
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33925732&dopt=Abstract
https://www.jmir.org/2020/6/e19284/
http://dx.doi.org/10.2196/19284
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32501804&dopt=Abstract
https://www.jmir.org/2020/11/e20487/
http://dx.doi.org/10.2196/20487
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33095740&dopt=Abstract
https://www.jmir.org/2021/12/e27339/
http://dx.doi.org/10.2196/27339
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34806992&dopt=Abstract
https://www.pnas.org/doi/abs/10.1073/pnas.1708518114?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1073/pnas.1708518114
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29042513&dopt=Abstract
https://www.jmir.org/2023/1/e45019
http://dx.doi.org/10.2196/45019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37733396&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license
information must be included.

J Med Internet Res 2023 | vol. 25 | e45019 | p. 12https://www.jmir.org/2023/1/e45019
(page number not for citation purposes)

Li et alJOURNAL OF MEDICAL INTERNET RESEARCH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/

