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Abstract

Background: Social media holds an increasingly significant position in contemporary society, wherein evolving public
perspectives are mirrored by changing information. However, there remains a lack of comprehensive analysis regarding the nature
and evolution of dental health care information on Chinese social media platforms (SMPs) despite extensive user engagement
and voluminous content.

Objective: This study aimed to probe into the nature and evolution of dental health care information on Chinese SMPs from
2018 to 2022, providing valuable insights into the evolving digital public perception of dental health for dental practitioners,
investigators, and educators.

Methods: This study was conducted on 3 major Chinese SMPs: Weibo, WeChat, and Zhihu. Data from March 1 to 31 in 2018,
2020, and 2022 were sampled to construct a social media original database (ODB), from which the most popular long-text posts
(N=180) were selected to create an analysis database (ADB). Natural language processing (NLP) tools were used to assist tracking
topic trends, and word frequencies were analyzed. The DISCERN health information quality assessment questionnaire was used
for information quality evaluation.

Results: The number of Weibo posts in the ODB increased approximately fourfold during the observation period, with discussion
of orthodontic topics showing the fastest growth, surpassing that of general dentistry after 2020. In the ADB, the engagement of
content on Weibo and Zhihu also displayed an upward trend. The overall information quality of long-text posts on the 3 platforms
was moderate or low. Of the long-text posts, 143 (79.4%) were written by nonprofessionals, and 105 (58.3%) shared personal
medical experiences. On Weibo and WeChat, long-text posts authored by health care professionals had higher DISCERN scores
(Weibo P=.04; WeChat P=.02), but there was a negative correlation between engagement and DISCERN scores (Weibo tau-b
[τb]=–0.45, P=.01; WeChat τb=–0.30, P=.02).

Conclusions: There was a significant increase in the dissemination and evolution of public interest in dental health care
information on Chinese social media during 2018-2022. However, the quality of the most popular long-text posts was rated as
moderate or low, which may mislead patients and the public.

(JMIR Infodemiology 2025;5:e55065) doi: 10.2196/55065
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Introduction

Social media usage has been extensively integrated into modern
life. As of early April 2024, there were 5.1 billion social media
users around the world, equating to 62.6% of the worldwide
population [1]. As for Mainland China, active social media users
numbered approximately 1.1 billion in January 2024,
constituting 74.2% of its total population [2]. Social media
provides a platform for everyone to disseminate health
knowledge, demonstrate cases, and promote themselves [3].
The general public, especially patients, increasingly turns to
social media to obtain health information and join communities
that exchange medical experiences [4]. A survey conducted in
China revealed that 71.9% of participants obtained health
education through the internet, with 30.0% of them frequently
seeking health information online [5]. The internet is the most
important source of information for patients with cancer, and
80% of them use social media to communicate with others about
their condition [6]. The content related to health on social media
creates a rich repository of information, dynamically reflecting
the public’s health perceptions in real time.

The growing reliance on social media for health information is
a double-edged sword. On the one hand, social media offers a
wealth of readily accessible information and a platform for
sharing experiences, enhancing public knowledge and
communication. On the other hand, studies have shown that the
quality of health information on these platforms is highly
variable, which may mislead the public, including patients, and
potentially cause adverse outcomes [7,8]. The National Institutes
of Health explicitly encourages medical professionals to share
accurate health information and curb the spread of
misinformation online [9].

Social media as a library for real-world studies has garnered
attention from academia. Existing studies have focused on
tracking topic trends, analyzing group emotions [10,11],
searching for health care development directions, predicting
disease spread [12], evaluating network information quality,
and highlighting the harm of misinformation dissemination
[13,14].

Despite the extensive user engagement and voluminous content
in Chinese social media, there remains a conspicuous gap in
methodical investigations into dental health care information.
This gap is particularly pronounced, given China’s unique digital
landscape, which is dominated by platforms such as Weibo,
WeChat, and Douyin (TikTok) [8,15]. Investigating the
information on these platforms could fill this void and provide
Eastern insights into contemporary public perceptions and
concerns regarding dental health. Although a few studies have
surveyed COVID-19–related dental posts on Weibo, primarily
focusing on the impact of the pandemic on patients [16,17],
there is a lack of comprehensive analyses of information quality
and topic trends, possibly due to limitations in research tools.

The application of artificial intelligence (AI) tools has made it
possible to analyze and monitor the massive amount of
information on social media [18]. Among them, natural language
processing (NLP), an important branch of AI, is useful for
analyzing social media content for text mining purposes [19].
Another burgeoning branch, sentiment analysis tools, can be
used for public opinion analysis, such as epidemic trends [20],
willingness for vaccination [10], and even presidential elections
[21]. Since the emergence of Chat Generative Pretrained
Transformer (ChatGPT), it has also been applied to social media
research, such as popular hashtag generation algorithms [22]
and the construction of lexica for online pharmacovigilance
[23]. AI advancements have increased the popularity of social
media research in various industries and provided guidance for
their development [3,12].

This study was designed to leverage AI tools to shed light upon
the changing patterns and standards of dental health care
information on mainstream Chinese social media platforms
(SMPs). The collected data were meticulously analyzed to
identify evolving trends and assess the quality of information
pertaining to dental health care. Additionally, this study probed
into the determinants of audience engagement and the influence
of social media information, aspiring to trace the shifting
contours of public perception and the demand for dental health
care. The ultimate goal was to furnish dental health care
professionals with actionable insights and strategies to enhance
their clinical practice and the quality of doctor-patient
interactions.

Methods

Data Sources
This study was conducted on 3 major text-based SMPs in China:
Weibo, WeChat, and Zhihu. Data from Match 1 to 31 in 2018,
2020, and 2022 were sampled. Weibo is a microblogging
website. The WeChat public platform is a self-media platform
based on the short-message service application WeChat. Zhihu
is a knowledge question-and-answer (Q&A) community, as
well as an original content platform.

Data Extraction
To extract relevant data for this study, a social media scraping
program was developed using Python’s Selenium module. The
inclusion criteria specifically focused on 3 key elements:
platform, time, and keywords. The time periods were divided
into 3 distinct intervals: March 1-31, 2018; March 1-31, 2020;
and March 1-31, 2022. The search for data extraction was
conducted using a series of Chinese keywords on April 1, 2023.
The translated keywords are presented in Boolean logic format
in Table 1 and were divided into 3 predetermined themes
(general dentistry, orthodontics, and prosthodontics) based on
established classifications of subspecialties within the field of
dentistry. The general dentistry section included “dental
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fillings,” “dental cleaning,” “tooth extraction,” “root canal
treatment,” and “teeth whitening.” The orthodontics section
included “orthodontics,” “teeth straightening,” “orthodontic
treatment,” “braces,” “dental braces,” “get braces,” and
“retainers.” The prosthodontics section included “dental crown,”
“overlay,” “porcelain tooth,” “dental implant,” “implanted
tooth,” “tooth veneer,” and “porcelain veneer.” The bilingual
translation table is provided in Table S1 in Multimedia Appendix
1, and the translation was based on Chinese official textbooks
and the Chinese edition of authoritative English textbooks

[24-26]. These keywords covered a broad spectrum of nearly
all commonly used Chinese expressions related to dental
practices across various specialties, ensuring that the search was
comprehensive and inclusive. Notably, all posts meeting the
inclusion criteria were included, irrespective of authorship or
topic and without manual intervention. When a post was
retrieved, it was automatically assigned to the relevant theme
based on the search term. For instance, posts retrieved using
the keyword “dental fillings” were classified under the general
dentistry theme.

Table 1. Keywords for searching posts (translated from Chinese).

KeywordsTheme

“dental fillings” OR “dental cleaning” OR “tooth extraction” OR “root canal treatment” OR “teeth whitening”General dentistry

“orthodontics” OR “teeth straightening” OR “orthodontic treatment” OR “braces” OR “dental braces” OR “get
brace” OR “retainer”

Orthodontics

“dental crown” OR “overlay” OR “porcelain tooth” OR “dental implant” OR “implanted tooth” OR “tooth veneer”
OR “porcelain veneer”

Prosthodontics

Weibo’s open application programming interface (API) allowed
access to all content that met the inclusion criteria. In contrast,
for WeChat and Zhihu, we could rely only on the built-in search
functions, which do not provide access to all the data. Zhihu
required searches based on time conditions within the website.
For the WeChat public platform, Sogou’s WeChat search was
conducted to retrieve the top 10 pages of posts based on the
website’s own sorting logic, representing the content that people
were most likely exposed to.

The exclusion criteria were primarily based on 4 aspects.
“Duplicated” content referred to posts that were entirely
identical due to duplicate publication, plagiarism, or other
similar reasons. Only the earliest published post was retained,
and the others were removed. “Irrelevant” content referred to
posts in which dental-related keywords were mentioned only
briefly, while the main content focused on unrelated subjects.
“Unavailable” content referred to posts where the title or abstract
was accessible but the full text was no longer available, possibly
due to voluntary removal or deletion by the platform. Finally,
“meaningless” content included posts that were composed of
incoherent or garbled text consisting of nonsensical strings of
words or symbols without any thematic relevance. Upon data
collection, the content from the 3 SMPs was rigorously screened
according to the exclusion criteria. Posts that could potentially
disrupt the integrity of the subsequent analysis were removed,
and the remaining posts were included to construct a social
media original database (ODB).

Database Construction
Following data collection and screening based on the inclusion
and exclusion criteria, the ODB was constructed. Posts with
600 characters or more were defined as “long-text posts.”
Previous studies suggest that long-text posts tend to provide
more comprehensive information and exhibit higher engagement
levels [27]. The top 20 long-text posts with the highest level of
popularity each month on the three platforms were selected to
establish an analysis database (ADB) for lexical analysis with
NLP tools and information quality assessment.

Evaluation Strategy
Preliminary analysis of the ODB data involved capturing author
information and popularity indicators for each platform,
including the number of likes or reads. The metric for popularity
varied by platform. For Weibo and Zhihu, the number of likes
was used. For WeChat, the number of reads was used, as
WeChat users tend to use “like” functions less frequently. The
top 20 long-text posts with the highest levels of popularity
during each observation period were selected from each
platform, totaling 180 posts constituting the ADB for text mining
and information quality evaluation. The classification of author
account types followed subsequently and was based primarily
on usernames. Specifically, accounts with names containing
medical-related terms, such as “doctor,” “dentist,” “hospital,”
or “clinic,” were classified as health care professionals, whereas
those without such identifiers were categorized as non–health
care professionals.

Text mining analysis and information quality evaluation were
conducted on the ADB. NLP tools were used for text mining
analysis. Using the Jieba segmentation tool, the first step
involved cleaning the text data by removing punctuation,
converting all text to lowercase, and eliminating common
Chinese stop words, such as “of.” The cleaned text was then
tokenized into individual words, or tokens, to facilitate the
analysis of word frequency across the entire ADB. Python’s
Counter module was used to compile a frequency distribution
of the keywords. The most frequently mentioned words were
visualized as word clouds, and the frequencies of the top 30
words for each period or platform were visualized as heatmaps.
The font size of the word cloud and the color depth of the
heatmap represented the frequency of word occurrence,
providing a clear representation of the prevalent topics and their
temporal variation. For information quality evaluation, the
DISCERN questionnaire (Multimedia Appendix 2), which is
widely used in research on the quality of health material
information online [28,29], was used to assess the reliability of
health material and the quality of information for treatment plan
selection. The DISCERN score was rated on a 5-point Likert
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scale, with 1 indicating low quality, 5 indicating high quality,
and 3 indicating moderate quality [30]. To ensure the objectivity
of evaluation, all posts were anonymized during the review and
quality assessment process. The determination of account type
was conducted separately from the quality scoring, ensuring
that the account type did not influence the quality assessment.
Given the greater complexity of the DISCERN information
quality assessment, this work was conducted by 2 practicing
dental professionals following the Cohen kappa consistency
test. Among the 180 long-text posts in the ADB, 18 (10%) were
randomly selected for independent assessment by 2 evaluators,
resulting in a Cohen kappa coefficient of 0.84, indicating reliable
consistency between the results of the 2 evaluators.

Statistical Analysis
Statistical analysis was performed using SPSS software version
25 (IBM Corp). Descriptive results are presented as the median
(25th-75th percentile) for quantitative data. The Shapiro-Wilks
test and the Levene test were performed to determine the
normality and homogeneity of variance, respectively. The
Mann-Whitney U test and the Kruskal-Wallis test, followed by
Bonferroni correction, were used to compare nonparametric
data among the groups. The Kendall tau-b (τb) correlation
coefficient was calculated to evaluate the potential relationships
between the parameters. The significance level was set at P<.05.

Ethical Considerations
This study did not seek ethical approval, as it exclusively
analyzed publicly available data from SMPs, which were

voluntarily shared by users in the public domain. All data has
been deidentified; account information collected was used solely
for research analysis, and relevant results are presented in
aggregate to ensure that no personally identifiable information
is disclosed.

Results

Post Details
The research methodology is depicted in Figure 1. According
to the search keywords, we retrieved a total of 220,869 Weibo
posts. After applying the exclusion criteria, 64,039 (29%) posts
were deleted, and the remaining 156,830 (71%) posts were
included in the ODB. Among Weibo posts, 2458 (1.6%) were
long-text posts. The distribution and proportion of posts and
long-text posts for each theme in each observation period are
shown in Table S2 in Multimedia Appendix 1. Results showed
that over time, there has been significant growth in the content
related to dental health care on Weibo, with the number of posts
increasing by more than 4 times (Figure 2A). In terms of themes,
in 2018, there was a greater proportion of posts and long-text
posts discussing general dentistry–related topics, accounting
for 49.5% (n=7952) and 55.7% (n=305) of the total, respectively.
In 2022, 52.5% (n=42,701) of the posts and 47.5% (n=563) of
the long-text posts discussed orthodontics topics (Figure 2D),
surpassing the proportion of general dentistry topics. In addition,
543 (0.34%) posts from WeChat and 210 (0.13%) posts from
Zhihu were included in the ODB.

Figure 1. Overview of data-processing flowchart. ADB: analysis database; NLP: natural language processing; ODB: original database.
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Figure 2. Numbers and proportions of Weibo posts (A, B) and long-text Weibo posts (C, D) on each theme in March 2018, 2020, and 2022.

The ADB comprised 180 most popular long-text posts (n=60,
33.3%, posts from each platform) during the observation period.
There were significant differences in the engagement of
long-text posts published on Weibo, WeChat, and Zhihu
between March 2018, 2020, and 2022 (P<.001; Figure 3 and
Table S3 in Multimedia Appendix 1). The median (IQR) of
likes on Weibo increased from 5.5 (IQR 3.25-12.5) in 2018 to
149.5 (IQR 87.75-454.75) in 2022. Similarly, the median
number of likes on Zhihu increased from 63 (IQR 29.25-161.25)
in 2018 to 214 (IQR 126-435.5) in 2022. In contrast, the median
(IQR) of WeChat reads was 30,000 (IQR 20,000-54,250) in
2018, decreased to 13,000 (IQR 11,000-18,000) in 2020, and
then increased to 25,500 (IQR 15,250-48,000) in 2022.
Interestingly, 143 (79.4%) long-text posts were written by
non–health care professionals, including patients and some
medical self-media accounts. In terms of topics, there were 105
(58.3%) posts about personal medical experiences, a number
significantly greater than the content of health education and
popular science provided by dental health care professionals.

In the ADB, the median (IQR) of the DISCERN score for
WeChat long-text posts was 3 (IQR 2-4), that for Weibo was 2

(IQR 2-3), and that for Zhihu was 2 (IQR 2-3). There was a
significant difference in the DISCERN scores between WeChat
and Weibo (P=.03; Figure 4 and Table S4 in Multimedia
Appendix 1). The scores for each question in the DISCERN
questionnaire corresponding to each platform are presented in
Table S5 in Multimedia Appendix 1. Among the 180 long-text
posts in the ADB, only 37 (20.6%) were authored by dental
health care professionals, while the DISCERN scores of these
long-text posts on Weibo and WeChat were significantly higher
than those of long-text posts written by non–health care
professionals. Specifically, for Weibo the median (IQR) of the
DISCERN score of health care professionals' long-text posts
was 3 (2.5-3.5), while that of non-health care professionals' was
2 (2-3); for WeChat the median (IQR) of the DISCERN score
for health care professionals’ long-text posts on WeChat was 4
(IQR 4-4), while that for non–health care professionals was 3
(IQR 2-3). The difference was statistically significant (Weibo
P=.04; WeChat P=.02). Furthermore, there was a significant
negative correlation between information quality (DISCERN
score) and engagement (Weibo τb=–0.45, P=.01; WeChat
τb=–0.30, P=.02). No similar significant negative correlation
was observed for the Zhihu long-text posts.
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Figure 3. Violin plots of engagement indicators for long-text posts on Weibo (A), WeChat (B), and Zhihu (C) in March 2018, 2020, and 2022.

Figure 4. Violin plot of the DISCERN scores of long-text posts on the 3 SMPs in the ADB during the observation period. ADB: analysis database;
SMP: social media platform.

Text mining analysis of the ADB using NLP tools was
visualized as word clouds and heatmaps of the 3 observation
periods (Figure 5) and the 3 platforms (Figure 6). For optimal
readability, the bilingual word cloud figures are shown in
Multimedia Appendices 3 and 4. The frequencies of the top 30
words in each time period and platform are presented in Tables
S6 and S7, respectively, in Multimedia Appendix 1. In the word
clouds, “teeth” and “doctor” were the most frequently mentioned
core keywords. The most prominent terms in the 2018 word
cloud were “straightening,” “braces,” “orthodontics,”
“prosthodontics,” “tooth extraction,” “root canal,” “health,” and
“metal” (crown). In the 2020 word cloud, the most prominent
terms were “straightening,” “orthodontics,” “braces,” “tooth
extraction,” “invisible,” “deciduous teeth,” “follow-up visit,”
and “retention.” In the 2022 word cloud, the most prominent
terms were “straightening,” “orthodontics,” “feeling,” “brush
teeth,” “gums,” “tooth extraction,” “implant,” and “dental
cleaning.” This trajectory suggested that over time, orthodontics

and tooth extraction have consistently been the most mentioned
terms in Chinese social media in regard to dental health care.
However, it could be seen from the word clouds and heatmaps
that there was a shift from topics such as root canal treatments
and metal crown restoration, which were discussed more often
in 2018, to topics such as teeth brushing, gingival health, and
dental cleaning by 2022, indicating the concentration on
periodontal health and early prevention of dental diseases. There
was also an increase in discussions related to dental implantation
and orthognathic surgery. The most prominent terms in the
Weibo word cloud were “straightening,” “orthodontics,”
“wisdom tooth,” “tooth extraction,” and “gum.” The most
prominent terms in the WeChat word cloud were
“straightening,” “brush teeth,” “health,” “deciduous teeth,”
“orthodontics,” and “gum.” In Zhihu, the most prominent terms
were “orthodontics,” “braces,” “feeling,” “straightening,” “tooth
extraction,” and “follow-up visit.”
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Figure 5. Heatmap of the frequencies of the top 30 words of dental health care information in the ADB in March 2018, 2020, and 2022. Orthodontics
and tooth extraction have consistently been the most mentioned terms in Chinese SMPs in regard to dental health care. However, there was a shift from
topics such as root canal treatments and metal crown restoration, which were discussed more often in 2018, to topics such as teeth brushing, gingival
health, and dental cleaning by 2022. ADB: analysis database; SMP: social media platform.
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Figure 6. Heatmap of the frequencies of the top 30 words of dental health care information across the 3 SMPs in the ADB. ADB: analysis database;
SMP: social media platform.

Discussion

Principal Findings
This study extracted dental health care-related content from
Weibo, WeChat, and Zhihu for March 2018, 2020, and 2022
and constructed an ODB. We also constructed an ADB
consisting of the most popular long-text posts on each platform.
By analyzing the nature, themes, public engagement,
information quality, and word frequency, this study tracked the
evolution of Chinese social media content related to dental
health care. In the field of dentistry, previous studies have
investigated SMPs, such as Facebook, Instagram, and YouTube,
analyzing topic trends and evaluating the adequacy of these

platforms as patient sources of information or education [31-33].
Graf et al [32] explored the nature and potential attitude
differences in German orthodontic content on Twitter and
Instagram, finding “getting braces” and “getting braces
removed” to be the most crucial events for orthodontic patients,
and Instagram contained more posts with positive emotions.
Yahya et al [34] studied the 63 most viewed videos on YouTube
related to miniscrew anchorage and found that the information
quality of videos uploaded by dental professionals is not perfect,
especially in terms of treatment duration, maintenance, and
costs. Similarly, Samur et al [35] reported that the reliability
and information quality of content related to facial trauma on
SMPs are generally low, highlighting the need for caution when
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recommending SMPs as a source of facial trauma–related
information. To the best of our knowledge, similar systematic
research on dental health care information on Chinese SMPs
has not been reported in the literature.

Our findings revealed significant growth, by more than 4 times,
in Weibo posts concerning dental health care from 2018 to 2022,
with the fastest increase observed in the discussion of
orthodontics, surpassing general dentistry content since 2020.
The long-text posts with the highest engagement on Weibo and
Zhihu platforms in the ADB also displayed an upward trend.
SMPs plays a progressively significant role in people’s lives
[36], and our data confirmed that the amount of dental health
care–related content on Chinese SMPs is also steadily
increasing. Yang et al [37] reported that Instagram accounts
created by oral and maxillofacial surgery residency programs
increased exponentially from the period of the 7 months from
June to December 2020 compared to the 18 months from
December 2018 to May 2020. This indirectly reflected the
increasing trend of dental health care information on US SMPs,
which is consistent with our results.

In the ADB, which consisted of the most popular content on
the 3 SMPs, 79.4% of the long-text posts were written by
individuals without a health care background, and 58.3% shared
personal medical experiences. This finding was consistent with
the study by Samur et al [35], who found that personal
experience–based content posted by laypersons receives more
interactions. This phenomenon aligns with the theories of
cognitive dissonance and selective exposure: people are inclined
to consume content that is more similar and relatable to them
[38,39]. It is worth noting that long-text posts authored by health
care professionals received significantly higher DISCERN
scores, indicating superior information quality. Nonetheless,
these long-text posts were not rewarded with the same level of
engagement as those written by nonprofessionals. Furthermore,
there was a negative correlation between the DISCERN scores
and engagement observed on Weibo and WeChat, suggesting
that high-quality information may not generate a larger audience.
Similar trends were observed in the study by Hegarty et al [40],
who found that the most viewed YouTube videos are less
helpful. However, a study by Kovalski et al [41] on oral
leukoplakia–related content showed that more reliable videos
of higher quality receive more likes and have higher viewing
rates and interaction indices. Studies indicate that
misinformation often features sensational headlines that are
easy to understand without deep engagement or critical thinking.
These posts quickly capture attention, eliciting strong emotional
responses that prompt users to like, comment, and share [9,42].
The positive feedback loop of social media algorithms amplifies
the spread of low-quality content, indirectly suppressing
accurate, evidence-based, high-quality information and creating
information silos [43].

Peek et al’s [44] guidelines for mental health education and
advocacy noted that using language that is more accessible to
the public instead of medical jargon can make popular science
even more popular. However, in the study by Yahya et al [34]
on 31 videos uploaded by dental professionals about miniscrew
anchorage on YouTube, only 2 videos avoided using technical
terms. The remaining videos all used them, with 80.7% failing

to provide explanations. The excessive use of technical terms,
obscure and complicated principles, and stagnant formatting in
health education materials may meet the requirements of the
DISCERN questionnaire and thus can elicit high information
quality scores. However, several studies have revealed that this
may result in a loss of readers’ interest and psychological
resonance [35,39]. Conversely, using psychologically assisted
writing techniques that foster affinity may prove more effective
in attracting readers and achieving better health education
outcomes. To effectively disseminate health care knowledge,
dental professionals should improve writing methodologies,
while ensuring the accuracy and high quality of the
evidence-based information conveyed. For instance,
incorporating patient-centered medical experiences and visual
materials can attract more readers and stimulate discussions.
This could ultimately make a greater impact and benefit a larger
audience. In addition to health care professionals, governments
and health departments should take measures to promote the
dissemination of high-quality health information online, while
enhancing the public’s critical-thinking skills to discern true
from false information and make informed decisions [9,13].
Technology platforms should transparentize and optimize
recommendation algorithms and regulate the quality of health
[9,42].

Oliveira et al [45] performed 2 searches on Twitter using the
keywords “dentist” and “teeth” and generated a word cloud
based on the collected tweets, finding that the most commonly
used terms are “third molar” and “orthodontic appliance.” On
this basis, they determined that the most common dental needs
during the COVID-19 pandemic were pain, urgencies, and
orthodontic follow-ups. Graf et al [32] showcased word clouds
of orthodontically posts with different sentiments. Positive posts
revolved around the effectiveness of orthodontic treatment and
the excitement of wearing or removing braces, while negative
posts covered complaints about appointments, waiting times,
pain, and side effects during orthodontic treatment. In this study,
word clouds were generated for 3 SMPs during the observation
period. We found that “teeth” and “doctors” are consistently
the core subjects in the field of dental health care on Chinese
SMPs. In line with the findings of Oliveira et al [45],
orthodontics and tooth extraction have been the most discussed
topics across different years and platforms, suggesting that the
most prevalent keywords on Chinese SMPs are similar to those
in other languages. Moreover, there has been a noticeable shift
from topics such as endodontic treatment or dental crown
restoration in 2018 to a stronger emphasis on topics such as
periodontal maintenance and early prevention by 2022. This is
indicated by the increased discussions around teeth brushing,
gingival health, and dental cleaning. Additionally, topics such
as dental implantation and orthognathic surgery have gradually
gained popularity in the word clouds, suggesting that concepts
in these areas are becoming more universally accepted by the
public. Patients interest has gradually evolved from basic dental
treatments to functional dentofacial aesthetics and preventative
care.

This study demonstrates the increase in the quantity and
engagement of dental health information on Chinese social
media from 2018 to 2022, emphasizing the importance of
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offering high-quality information online in the digital age.
Additionally, we explored changes in public interest in dental
topics, providing insights into the evolving awareness of
patients. This highlights the need for dental health care providers
to supplement evidence-based information, particularly on topics
of interest to the general public. They should take measures to
improve the popularity of online scientific materials and mitigate
the impact of low-quality information.

Limitations
This study has a few limitations. First, there are constrained
capabilities of NLP tools when evaluating complex indicators,
such as DISCERN scores, across large datasets, as well as
identifying meaningless content, such as bot-generated text.
Consequently, this task was performed manually as a substitute,
which inevitably restricted the scale of relevant data analysis,
necessitating the use of sampling methods rather than analyzing
the entire dataset. Second, platforms such as WeChat and Zhihu
do not provide a straightforward way to access comprehensive
data, prompting us to use alternative strategies for collecting a
representative sample. We also note that including data from

2019 and 2021 could have resulted in more continuous and
reliable sampling points. Third, this study was retrospective in
design, while, given the dynamic nature of social media, some
users may have hidden or deleted previously published posts,
potentially introducing bias into the findings. Finally, expanding
the scope of this study to include data from additional sources,
such as government agencies or dental associations, would
facilitate a comparative analysis. Future research could focus
on these aspects.

Conclusion
During 2018-2022, despite the increase in the dissemination
and evolution of public interest in dental health care information
on Chinese social media, the quality of the most popular
long-text posts was rated as moderate or low, which may mislead
patients and the public. These findings could yield insights for
dental practitioners, investigators, and educators into patients’
evolving perceptions and interests in the era of social media.
We also emphasize the importance of enhancing the provision
of high-quality and popular health information on Chinese
SMPs.

Acknowledgments
This work was supported by the National Key Research and Development Program of China (2022YFC2405904), the National
Natural Science Foundation of China (11932012), and the Fundamental research program funding of Ninth People’s Hospital
affiliated to the Shanghai Jiao Tong Uuniversity School of Medicine (JYZZ085B).

Data Availability
The databases generated and analyzed in this work are available from the corresponding author upon reasonable request.

Authors' Contributions
ZZ and ZY contributed equally to this work. BF, LX, and ZL also contributed equally to this work. ZZ was responsible for
conceptualization, methodology, formal analysis, investigation, and writing—original draft; ZY for conceptualization, methodology,
and investigation; QW for software, investigation, data curation, and writing—review; RL for investigation, visualization,
writing—review, and supervision; HL for conceptualization and methodology; WG for formal analysis and writing—review; ZL
for writing—review and project administration; LX for methodology, writing—review, and supervision; and BF for
conceptualization, writing—review and editing, supervision, and funding acquisition.

Conflicts of Interest
None declared.

Multimedia Appendix 1
Chinese keywords for searching posts and their corresponding English translation; distribution of the number and proportion of
Weibo and long-text posts on different themes in the ODB; engagement of long-text posts on Weibo, WeChat, and Zhihu in the
ADB; DISCERN scores of long-text posts on the 3 SMPs in the ADB during the observation period; DISCERN scores of each
question of long-text posts on the 3 SMPs in the ADB during the observation period; frequencies of the top 30 words in the ADB
in March 2018, 2020, and 2022 and on Weibo, WeChat, and Zhihu. ADB: analysis database; ODB: original database; SMP:
social media platform.
[DOCX File , 35 KB-Multimedia Appendix 1]

Multimedia Appendix 2
DISCERN health information quality assessment questionnaire.
[DOCX File , 19 KB-Multimedia Appendix 2]

JMIR Infodemiology 2025 | vol. 5 | e55065 | p. 10https://infodemiology.jmir.org/2025/1/e55065
(page number not for citation purposes)

Zhu et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=infodemiology_v5i1e55065_app1.docx&filename=8bdfd38a69b638c17897f6fe506b6f4f.docx
https://jmir.org/api/download?alt_name=infodemiology_v5i1e55065_app1.docx&filename=8bdfd38a69b638c17897f6fe506b6f4f.docx
https://jmir.org/api/download?alt_name=infodemiology_v5i1e55065_app2.docx&filename=0b0152a5531c58bc0e52e794d826b9d6.docx
https://jmir.org/api/download?alt_name=infodemiology_v5i1e55065_app2.docx&filename=0b0152a5531c58bc0e52e794d826b9d6.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/


Multimedia Appendix 3
Word clouds in English.
[PDF File (Adobe PDF File), 24432 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Word clouds in Chinese.
[PDF File (Adobe PDF File), 12340 KB-Multimedia Appendix 4]

References

1. Global social media statistics. DataReportal. URL: https://datareportal.com/social-media-users [accessed 2025-04-02]
2. Simon K. Digital 2024: China. DataReportal. Feb 21, 2024. URL: https://datareportal.com/reports/digital-2024-china

[accessed 2025-04-02]
3. Farsi D. Social media and health care, part I: literature review of social media use by health care providers. J Med Internet

Res. Apr 05, 2021;23(4):e23205. [FREE Full text] [doi: 10.2196/23205] [Medline: 33664014]
4. Farsi D, Martinez-Menchaca HR, Ahmed M, Farsi N. Social media and health care (part ii): narrative review of social

media use by patients. J Med Internet Res. Jan 07, 2022;24(1):e30379. [FREE Full text] [doi: 10.2196/30379] [Medline:
34994706]

5. 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. Jul 05, 2017;17(Suppl 2):66. [FREE Full text] [doi: 10.1186/s12911-017-0470-0]
[Medline: 28699549]

6. Braun LA, Zomorodbakhsch B, Keinki C, Huebner J. Information needs, communication and usage of social media by
cancer patients and their relatives. J Cancer Res Clin Oncol. Jul 2019;145(7):1865-1875. [FREE Full text] [doi:
10.1007/s00432-019-02929-9] [Medline: 31123824]

7. Vosoughi S, Roy D, Aral S. The spread of true and false news online. Science. Mar 09, 2018;359(6380):1146-1151. [doi:
10.1126/science.aap9559] [Medline: 29590045]

8. Sylvia Chou W, Gaysynsky A, Cappella JN. Where we go from here: health misinformation on social media. Am J Public
Health. Oct 2020;110(S3):S273-S275. [doi: 10.2105/AJPH.2020.305905] [Medline: 33001722]

9. Office of the Surgeon General (OSG). Confronting Health Misinformation: The U.S. Surgeon General’s Advisory on
Building a Healthy Information Environment. Washington, DC. US Department of Health and Human Services; 2021.

10. Bari A, Heymann M, Cohen RJ, Zhao R, Szabo L, Apas Vasandani S, et al. Exploring coronavirus disease 2019 vaccine
hesitancy on Twitter using sentiment analysis and natural language processing algorithms. Clin Infect Dis. May 15,
2022;74(Suppl_3):e4-e9. [doi: 10.1093/cid/ciac141] [Medline: 35568473]

11. Smirnov O, Hsieh P. COVID-19, climate change, and the finite pool of worry in 2019 to 2021 Twitter discussions. Proc
Natl Acad Sci U S A. Oct 25, 2022;119(43):e2210988119. [FREE Full text] [doi: 10.1073/pnas.2210988119] [Medline:
36251993]

12. Aiello AE, Renson A, Zivich PN. Social media- and internet-based disease surveillance for public health. Annu Rev Public
Health. Apr 02, 2020;41:101-118. [FREE Full text] [doi: 10.1146/annurev-publhealth-040119-094402] [Medline: 31905322]

13. Sage WM, Yang YT. Reducing "COVID-19 misinformation” while preserving free speech. JAMA. Apr 19,
2022;327(15):1443-1444. [doi: 10.1001/jama.2022.4231] [Medline: 35357403]

14. Burki T. Social media and misinformation in diabetes and obesity. Lancet Diabetes Endocrinol. Dec 2022;10(12):845. [doi:
10.1016/S2213-8587(22)00318-7] [Medline: 36335973]

15. Yeung AWK, Tosevska A, Klager E, Eibensteiner F, Tsagkaris C, Parvanov ED, et al. Medical and health-related
misinformation on social media: bibliometric study of the scientific literature. J Med Internet Res. Jan 25, 2022;24(1):e28152.
[FREE Full text] [doi: 10.2196/28152] [Medline: 34951864]

16. Tao Z, Chu G, McGrath C, Hua F, Leung YY, Yang W, et al. Nature and diffusion of COVID-19-related oral health
information on Chinese social media: analysis of tweets on Weibo. J Med Internet Res. Jun 15, 2020;22(6):e19981. [FREE
Full text] [doi: 10.2196/19981] [Medline: 32501808]

17. Guo F, Tang B, Qin D, Zhao T, Su Y, McGrath C, et al. The impact of the COVID-19 epidemic on orthodontic patients in
China: an analysis of posts on Weibo. Front Med (Lausanne). 2020;7:577468. [FREE Full text] [doi:
10.3389/fmed.2020.577468] [Medline: 33364245]

18. Somani S, van Buchem MM, Sarraju A, Hernandez-Boussard T, Rodriguez F. Artificial intelligence-enabled analysis of
statin-related topics and sentiments on social media. JAMA Netw Open. Apr 03, 2023;6(4):e239747. [FREE Full text] [doi:
10.1001/jamanetworkopen.2023.9747] [Medline: 37093597]

19. Hirschberg J, Manning CD. Advances in natural language processing. Science. Jul 17, 2015;349(6245):261-266. [doi:
10.1126/science.aaa8685] [Medline: 26185244]

20. Samaras L, García-Barriocanal E, Sicilia M. Comparing social media and Google to detect and predict severe epidemics.
Sci Rep. Mar 16, 2020;10(1):4747. [FREE Full text] [doi: 10.1038/s41598-020-61686-9] [Medline: 32179780]

JMIR Infodemiology 2025 | vol. 5 | e55065 | p. 11https://infodemiology.jmir.org/2025/1/e55065
(page number not for citation purposes)

Zhu et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=infodemiology_v5i1e55065_app3.pdf&filename=950c29deaf50f225c10424405b4c7e85.pdf
https://jmir.org/api/download?alt_name=infodemiology_v5i1e55065_app3.pdf&filename=950c29deaf50f225c10424405b4c7e85.pdf
https://jmir.org/api/download?alt_name=infodemiology_v5i1e55065_app4.pdf&filename=c86ef5dd51e92d0f2c8e8cdcebcfac07.pdf
https://jmir.org/api/download?alt_name=infodemiology_v5i1e55065_app4.pdf&filename=c86ef5dd51e92d0f2c8e8cdcebcfac07.pdf
https://datareportal.com/social-media-users
https://datareportal.com/reports/digital-2024-china
https://www.jmir.org/2021/4/e23205/
http://dx.doi.org/10.2196/23205
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33664014&dopt=Abstract
https://www.jmir.org/2022/1/e30379/
http://dx.doi.org/10.2196/30379
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34994706&dopt=Abstract
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://doi.org/10.1007/s00432-019-02929-9
http://dx.doi.org/10.1007/s00432-019-02929-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31123824&dopt=Abstract
http://dx.doi.org/10.1126/science.aap9559
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29590045&dopt=Abstract
http://dx.doi.org/10.2105/AJPH.2020.305905
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33001722&dopt=Abstract
http://dx.doi.org/10.1093/cid/ciac141
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35568473&dopt=Abstract
https://europepmc.org/abstract/MED/36251993
http://dx.doi.org/10.1073/pnas.2210988119
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36251993&dopt=Abstract
https://www.annualreviews.org/content/journals/10.1146/annurev-publhealth-040119-094402?crawler=true&mimetype=application/pdf
http://dx.doi.org/10.1146/annurev-publhealth-040119-094402
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31905322&dopt=Abstract
http://dx.doi.org/10.1001/jama.2022.4231
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35357403&dopt=Abstract
http://dx.doi.org/10.1016/S2213-8587(22)00318-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36335973&dopt=Abstract
https://www.jmir.org/2022/1/e28152/
http://dx.doi.org/10.2196/28152
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34951864&dopt=Abstract
https://www.jmir.org/2020/6/e19981/
https://www.jmir.org/2020/6/e19981/
http://dx.doi.org/10.2196/19981
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32501808&dopt=Abstract
https://europepmc.org/abstract/MED/33364245
http://dx.doi.org/10.3389/fmed.2020.577468
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33364245&dopt=Abstract
https://europepmc.org/abstract/MED/37093597
http://dx.doi.org/10.1001/jamanetworkopen.2023.9747
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37093597&dopt=Abstract
http://dx.doi.org/10.1126/science.aaa8685
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26185244&dopt=Abstract
https://doi.org/10.1038/s41598-020-61686-9
http://dx.doi.org/10.1038/s41598-020-61686-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32179780&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


21. Garrett RK. Social media's contribution to political misperceptions in U.S. presidential elections. PLoS One.
2019;14(3):e0213500. [FREE Full text] [doi: 10.1371/journal.pone.0213500] [Medline: 30917154]

22. Jafari Sadr M, Mirtaheri SL, Greco S, Borna K. Popular tag recommendation by neural network in social media. Comput
Intell Neurosci. 2023;2023:4300408. [FREE Full text] [doi: 10.1155/2023/4300408] [Medline: 37288169]

23. Carpenter KA, Altman RB. Using GPT-3 to build a lexicon of drugs of abuse synonyms for social media pharmacovigilance.
Biomolecules. Feb 18, 2023;13(2):387. [FREE Full text] [doi: 10.3390/biom13020387] [Medline: 36830756]

24. Zhang Z, Zhou X, Guo C, Cheng B. Stomatology (9th Edition). China. People’s Medical Publishing House; 2018.
25. Proffit W, Fields H, Larson B, Sarver D. Contemporary Orthodontics. Amsterdam, the Netherlands. Elsevier Health Sciences;

2018.
26. Berman L, Hargreaves K, Cohen S. Cohen’s Pathways of the Pulp Expert Consult. Amsterdam, the Netherlands. Elsevier

Health Sciences; 2010.
27. Gkikas DC, Tzafilkou K, Theodoridis PK, Garmpis A, Gkikas MC. How do text characteristics impact user engagement

in social media posts: modeling content readability, length, and hashtags number in Facebook. Int J Inf Manag Data Insights.
Apr 2022;2(1):100067. [doi: 10.1016/j.jjimei.2022.100067]

28. Loeb S, Reines K, Abu-Salha Y, French W, Butaney M, Macaluso JN, et al. Quality of bladder cancer information on
YouTube. Eur Urol. Jan 2021;79(1):56-59. [doi: 10.1016/j.eururo.2020.09.014] [Medline: 33010986]

29. Gorrepati PL, Smith GP. DISCERN scores of YouTube information on eczema treatments. J Am Acad Dermatol. Nov
2021;85(5):1354-1355. [doi: 10.1016/j.jaad.2020.11.007] [Medline: 33181240]

30. Charnock D, Shepperd S, Needham G, Gann R. DISCERN: an instrument for judging the quality of written consumer health
information on treatment choices. J Epidemiol Community Health. Feb 1999;53(2):105-111. [FREE Full text] [doi:
10.1136/jech.53.2.105] [Medline: 10396471]

31. Giese H, Neth H, Moussaïd M, Betsch C, Gaissmaier W. The echo in flu-vaccination echo chambers: selective attention
trumps social influence. Vaccine. Feb 18, 2020;38(8):2070-2076. [doi: 10.1016/j.vaccine.2019.11.038] [Medline: 31864854]

32. Graf I, Gerwing H, Hoefer K, Ehlebracht D, Christ H, Braumann B. Social media and orthodontics: a mixed-methods
analysis of orthodontic-related posts on Twitter and Instagram. Am J Orthod Dentofacial Orthop. Aug 2020;158(2):221-228.
[doi: 10.1016/j.ajodo.2019.08.012] [Medline: 32576427]

33. Meade MJ, Dreyer CW. Orthodontic temporary anchorage devices: a qualitative evaluation of Internet information available
to the general public. Am J Orthod Dentofacial Orthop. Oct 2020;158(4):612-620. [doi: 10.1016/j.ajodo.2020.02.008]
[Medline: 32988569]

34. Yahya M, Wang GM, Nimbalkar S. Orthodontic treatment with miniscrew anchorage: analysis of quality of information
on YouTube. Am J Orthod Dentofacial Orthop. Jul 2023;164(1):97-105. [doi: 10.1016/j.ajodo.2022.11.013] [Medline:
36890012]

35. Samur Erguven S, Topsakal KG. Are social media platforms appropriate sources of information for patients regarding the
topic of facial trauma? J Oral Maxillofac Surg. Oct 2023;81(10):1270-1278. [doi: 10.1016/j.joms.2023.06.004] [Medline:
37391172]

36. Chiang AL. Social media and medicine. Nat Rev Gastroenterol Hepatol. May 2020;17(5):256-257. [doi:
10.1038/s41575-020-0289-5] [Medline: 32203401]

37. Yang SC, Kwon WM, Saghezchi S. An update on Instagram utilization by oral and maxillofacial surgery residency programs:
the social media big bang. J Oral Maxillofac Surg. Jul 2021;79(7):1394-1395. [doi: 10.1016/j.joms.2021.02.029] [Medline:
33775607]

38. Hart W, Albarracín D, Eagly AH, Brechan I, Lindberg MJ, Merrill L. Feeling validated versus being correct: a meta-analysis
of selective exposure to information. Psychol Bull. Jul 2009;135(4):555-588. [FREE Full text] [doi: 10.1037/a0015701]
[Medline: 19586162]

39. Yeung A, Ng E, Abi-Jaoude E. TikTok and attention-deficit/hyperactivity disorder: a cross-sectional study of social media
content quality. Can J Psychiatry. Dec 2022;67(12):899-906. [FREE Full text] [doi: 10.1177/07067437221082854] [Medline:
35196157]

40. Hegarty E, Campbell C, Grammatopoulos E, DiBiase AT, Sherriff M, Cobourne MT. YouTube™ as an information resource
for orthognathic surgery. J Orthod. Jun 2017;44(2):90-96. [doi: 10.1080/14653125.2017.1319010] [Medline: 28463076]

41. Kovalski LNS, Cardoso FB, D'Avila OP, Corrêa APB, Martins MAT, Martins MD, et al. Is the YouTube™ an useful source
of information on oral leukoplakia? Oral Dis. Nov 2019;25(8):1897-1905. [doi: 10.1111/odi.13161] [Medline: 31332880]

42. Tang L, Fujimoto K, Amith MT, Cunningham R, Costantini RA, York F, et al. "Down the rabbit hole” of vaccine
misinformation on YouTube: network exposure study. J Med Internet Res. Jan 05, 2021;23(1):e23262. [FREE Full text]
[doi: 10.2196/23262] [Medline: 33399543]

43. Lindström B, Bellander M, Schultner DT, Chang A, Tobler PN, Amodio DM. A computational reward learning account
of social media engagement. Nat Commun. Feb 26, 2021;12(1):1311. [FREE Full text] [doi: 10.1038/s41467-020-19607-x]
[Medline: 33637702]

44. Peek HS, Richards M, Muir O, Chan SR, Caton M, MacMillan C. Blogging and social media for mental health education
and advocacy: a review for psychiatrists. Curr Psychiatry Rep. Nov 2015;17(11):88. [doi: 10.1007/s11920-015-0629-2]
[Medline: 26377948]

JMIR Infodemiology 2025 | vol. 5 | e55065 | p. 12https://infodemiology.jmir.org/2025/1/e55065
(page number not for citation purposes)

Zhu et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://dx.plos.org/10.1371/journal.pone.0213500
http://dx.doi.org/10.1371/journal.pone.0213500
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30917154&dopt=Abstract
https://doi.org/10.1155/2023/4300408
http://dx.doi.org/10.1155/2023/4300408
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37288169&dopt=Abstract
https://www.mdpi.com/resolver?pii=biom13020387
http://dx.doi.org/10.3390/biom13020387
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36830756&dopt=Abstract
http://dx.doi.org/10.1016/j.jjimei.2022.100067
http://dx.doi.org/10.1016/j.eururo.2020.09.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33010986&dopt=Abstract
http://dx.doi.org/10.1016/j.jaad.2020.11.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33181240&dopt=Abstract
https://jech.bmj.com/lookup/pmidlookup?view=long&pmid=10396471
http://dx.doi.org/10.1136/jech.53.2.105
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10396471&dopt=Abstract
http://dx.doi.org/10.1016/j.vaccine.2019.11.038
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31864854&dopt=Abstract
http://dx.doi.org/10.1016/j.ajodo.2019.08.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32576427&dopt=Abstract
http://dx.doi.org/10.1016/j.ajodo.2020.02.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32988569&dopt=Abstract
http://dx.doi.org/10.1016/j.ajodo.2022.11.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36890012&dopt=Abstract
http://dx.doi.org/10.1016/j.joms.2023.06.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37391172&dopt=Abstract
http://dx.doi.org/10.1038/s41575-020-0289-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32203401&dopt=Abstract
http://dx.doi.org/10.1016/j.joms.2021.02.029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33775607&dopt=Abstract
https://europepmc.org/abstract/MED/19586162
http://dx.doi.org/10.1037/a0015701
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19586162&dopt=Abstract
https://journals.sagepub.com/doi/abs/10.1177/07067437221082854?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.1177/07067437221082854
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35196157&dopt=Abstract
http://dx.doi.org/10.1080/14653125.2017.1319010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28463076&dopt=Abstract
http://dx.doi.org/10.1111/odi.13161
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31332880&dopt=Abstract
https://www.jmir.org/2021/1/e23262/
http://dx.doi.org/10.2196/23262
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33399543&dopt=Abstract
https://doi.org/10.1038/s41467-020-19607-x
http://dx.doi.org/10.1038/s41467-020-19607-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33637702&dopt=Abstract
http://dx.doi.org/10.1007/s11920-015-0629-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26377948&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


45. Oliveira LM, Zanatta FB. Self-reported dental treatment needs during the COVID-19 outbreak in Brazil: an infodemiological
study. Braz Oral Res. Sep 04, 2020;34:e114. [FREE Full text] [doi: 10.1590/1807-3107bor-2020.vol34.0114] [Medline:
32901729]

Abbreviations
ADB: analysis database
AI: artificial intelligence
NLP: natural language processing
ODB: social media original database
SMP: social media platform

Edited by T Mackey; submitted 04.12.23; peer-reviewed by A Geiken, D Chrimes, N Kaur; comments to author 10.04.24; revised
version received 04.06.24; accepted 19.03.25; published 10.04.25

Please cite as:
Zhu Z, Ye Z, Wang Q, Li R, Li H, Guo W, Li Z, Xia L, Fang B
Evolutionary Trend of Dental Health Care Information on Chinese Social Media Platforms During 2018-2022: Retrospective
Observational Study
JMIR Infodemiology 2025;5:e55065
URL: https://infodemiology.jmir.org/2025/1/e55065
doi: 10.2196/55065
PMID:

©Zhiyu Zhu, Zhiyun Ye, Qian Wang, Ruomei Li, Hairui Li, Weiming Guo, Zhenxia Li, Lunguo Xia, Bing Fang. Originally
published in JMIR Infodemiology (https://infodemiology.jmir.org), 10.04.2025. 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 JMIR Infodemiology, is properly
cited. The complete bibliographic information, a link to the original publication on https://infodemiology.jmir.org/, as well as
this copyright and license information must be included.

JMIR Infodemiology 2025 | vol. 5 | e55065 | p. 13https://infodemiology.jmir.org/2025/1/e55065
(page number not for citation purposes)

Zhu et alJMIR INFODEMIOLOGY

XSL•FO
RenderX

https://www.scielo.br/scielo.php?script=sci_arttext&pid=S1806-83242020000100285&lng=en&nrm=iso&tlng=en
http://dx.doi.org/10.1590/1807-3107bor-2020.vol34.0114
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32901729&dopt=Abstract
https://infodemiology.jmir.org/2025/1/e55065
http://dx.doi.org/10.2196/55065
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

