Revealing Public Opinion towards the COVID-19 Vaccine with Weibo Data in
China: BertFDA-Based Model

Muni Zhuang 24520220157291(Cs), Yutong Fu 24520221154574(Cs), Rui Zhao
31520221154239(Ai), Jiajian Li 36920221153093(A1), Wanqi Wu 24520221154584(Cs)

Abstract

The COVID-19 pandemic has created unprecedented burdens
on people’s health and subjective well-being. While countries
around the world have established models to track and predict
the affective states of COVID-19, identifying the topics of
public discussion and sentiment evolution of the vaccine, par-
ticularly the differences in topics of concern between vaccine-
support and vaccine-hesitant groups, remains scarce. Using
social media data from the two years following the outbreak
of COVID-19 (23 January 2020 to 23 January 2022), coupled
with state-of-the-art natural language processing (NLP) tech-
niques, we developed a public opinion analysis framework
(BertFDA). First, using dynamic topic clustering on Weibo
through the latent Dirichlet allocation (LDA) model, a total
of 118 topics were generated in 24 months using 2,211,806
microblog posts. Second, by building an improved Bert pre-
training model for sentiment classification, we provide evi-
dence that public negative sentiment continued to decline in
the early stages of COVID-19 vaccination. Third, by mod-
eling and analyzing the microblog posts from the vaccine-
support group and the vaccine-hesitant group, we discover
that the vaccine-support group was more concerned about
vaccine effectiveness and the reporting of news, reflecting
greater group cohesion, whereas the vaccine-hesitant group
was particularly concerned about the spread of coronavirus
variants and vaccine side effects. Finally, we deployed differ-
ent machine learning models to predict public opinion. More-
over, functional data analysis (FDA) is developed to build the
functional sentiment curve, which can effectively capture the
dynamic changes with the explicit function. This study can
aid governments in developing effective interventions and ed-
ucation campaigns to boost vaccination rates.

Introduction

According to statistics from the National Health Commis-
sion of the People’s Republic of China, as of 20 Septem-
ber 2022, China has reported a total of 3.44 billion doses
of COVID-19 vaccines, with over 1.3 billion persons hav-
ing completed the whole immunization (China Bureau of
Disease Control and Prevention 2022). In 2021, China pre-
liminarily established the national immunological barrier
through mass vaccination against COVID-19 via the na-
tional system and entered the third stage of regular epidemic
prevention and control (Wang et al. 2021). Although higher
vaccination rates reduce the severity of breakthrough infec-
tions, there is evidence that the efficacy of one or two doses

of the vaccine is decreased after six months, and COVID-19
variants strain may evolve frequently (Del Rio, Omer, and
Malani 2022). This indicates that even if vaccination rates
rise, the great majority of individuals will still be infected
with COVID-19. The third dosage of vaccination, as well
as the children’s vaccine, is critical in averting a pandemic
comeback. The understanding of the public’s emotional re-
actions and willingness to receive the vaccine is critical for
targeted decision making during the early stages of vaccina-
tion planning, so as to avoid vaccine hesitancy and improve
the effectiveness of vaccination programs.

It is known that social media has become the major chan-
nel for people to express thoughts on COVID-19 vaccination
with the emergence of the epidemic and the implementation
of the lockdown policy (Tsao et al. 2021). Social media has
had a tremendous impact on the public’s attitude regarding
vaccination. As a result, it is critical for governments, public
health officials, and policymakers to understand the potential
drivers that influence public sentiment regarding COVID-19
vaccination. In research related to the COVID-19 vaccine,
using social media data for academic research has become
an emerging trend. Social media provides a rich volume of
real-time and cost-effective content including news, events,
public comments, etc., (Hu et al. 2021), which has been
widely used in health-related issues and public health crises
(Lu and Brelsford 2014; Guo et al. 2021; Zhuang et al.
2021; Fang et al. 2021). However, research on the COVID-
19 vaccine mainly employs the classic time series analysis
based on discrete observation data. The dynamic change of
the emotion function is frequently ignored. Moreover, tra-
ditional approaches typically employ the moving average to
smooth the noise of high-frequency emotion, which makes it
impossible to accurately generate the potential random pro-
cess of actual observation. Finally, despite sentiment anal-
ysis models having been broadly applied in public opinion
analysis, most of them employ traditional machine learning
or simple sentiment analysis tools, ignoring the rich contex-
tual semantic information hidden in the text, which makes
the results of sentiment classification deviate greatly.

We developed the public opinion analysis framework
based on FDA combined with the deep learning transfer
model Bert. Specifically, the following questions are ad-
dressed:

1. How do we use the deep learning algorithm to capture the



profound semantic and emotional information behind the
microblog posts more accurately?

2. How do we construct an intrinsic function to describe the
dynamic characteristics of emotional evolution?

3. What quantitative measurements can be used to assess
the continuity and popularity of topics?

We provides an actionable solution for depicting and pre-
dicting the dynamic characteristics of COVID-19 vaccina-
tion hesitancy. We used two years of social media data to
detect subtle changes in emotions through the deep learning
transfer model and explore the changes in topics in differ-
ent periods through the calculation of topic continuity and
popularity. The FDA obtains data with a higher signal-to-
noise ratio and more accurately constructs the intrinsic pub-
lic emotion to better investigate the dynamic evolution of
emotion. Finally, we forecasted the public emotional evolu-
tion and the progress of vaccination. Our findings may also
provide useful insights for the promotion of other vaccina-
tions.

Related Work

Sentiment analysis is the field of study that analyzes peo-
ple’s opinions, sentiments, evaluations, attitudes, and emo-
tions from written language and is one of the most ac-
tive research areas in natural language processing (Liu
2012). The dimensions and techniques of sentiment analy-
sis in social media texts, which are task orientation, granu-
larity, and methodology, were reviewed by Yue (Yue et al.
2019). Cambria et al. (Cambria et al. 2017) summarized
sentiment analysis in social media texts using knowledge-
based, statistical, and hybrid methods. Zhang et al. (Zhang,
Wang, and Liu 2018) reviewed sentiment analysis tasks at
the document, sentence, and aspect granularities. Neverthe-
less, not all thoughts are expressed clearly, especially im-
plicit emotions that require natural language understand-
ing (NLU), such as metaphors, sarcasm, and irony (Al-
swaidan and Menai 2020). Keyword-based and rule-based
research methodologies are used in early sentiment catego-
rization tasks (Hutto and Gilbert 2014; Loria et al. 2019),
which require a great deal of manpower and time, so they
are gradually replaced by traditional machine learning (So-
leymani et al. 2017; Ravi and Ravi 2015; Hussein 2018;
Medhat, Hassan, and Korashy 2014), although traditional
machine learning’s growth is quite limited (such as support
vector machines, naive Bayes, k-nearest neighbors, hidden
Markov models, conditional random fields, multi-layer per-
ceptrons, etc.). At present, deep learning has become the
mainstream sentiment analysis. Long short-term memory
(LSTM) is the most used deep learning model, which is a
special form of a recurrent neural network (RNN) with the
capability of handling long-term dependencies (Tai, Socher,
and Manning 2015), and the vanishing or exploding gradient
in RNNs has been effectively alleviated during data trans-
mission. However, when it comes to longer-term dependen-
cies, LSTM is still powerless. Therefore, Vaswani et al. pro-
posed the Transformer, a model architecture that eschews
recurrence and instead relies entirely on an attention mech-
anism to draw global dependencies between the input and

output (Vaswani et al. 2017), achieving a new state-of-the-
art translation quality. Subsequently, Devlin et al. improved
the fine-tuning-based approaches by proposing Bidirectional
Encoder Representations from Transformers (Bert), which
achieved new state-of-the-art results on 11 natural language
processing (NLP) tasks and pioneered the use of emotion
classification (Lee and Toutanova 2018).

Because social media text has characteristics such as short
text, noise, multilingualism, metaphor, irony, and so on,
many topic models have been developed to quickly mine hot
themes from massive unstructured text data. Latent Dirichlet
Allocation (LDA) is currently the most widely used prob-
abilistic topic model. The application of sentiment analy-
sis in the medical field has been faster and more extensive
than ever since the outbreak and spread of the COVID-19
epidemic. Multiple factors, such as public knowledge, emo-
tions, and personal health decisions, influence public ac-
ceptance of medical interventions involving infectious dis-
eases and vaccines. Lyu et al. (Lyu, Le Han, and Luli
2021) used the LDA algorithm and an emotion lexicon
to track topics and emotions in public discussions about
the COVID-19 vaccine on Twitter. Hu et al. (Hu et al.
2021) used Twitter data to reveal the American public’s
opinion of the COVID-19 vaccine from a spatiotemporal
perspective. Monselise et al. (Monselise et al. 2021) em-
ployed non-negative matrix factorization (NMF) to deter-
mine vaccine topics, then used VADER sentiment analysis
libraries and sentence bidirectional encoder representations
from transformer embeddings to identify emotional content
and compared the embedding to different emotions using co-
sine similarity. Gbashi et al. (Gbashi et al. 2021) system-
atically scrutinized media communications (Google news
headlines or snippets, and Twitter posts) using three standard
computational linguistics models (i.e., TextBlob, VADER,
and Word2Vec-BiLSTM) to understand the prevailing senti-
ments in Africa on the COVID-19 vaccine. Cruickshank et
al. first examined the prevalence, dynamics, and content of
websites shared in vaccination-related tweets. The research
found that sharing websites is a common communication
strategy, and its “bursty” pattern and inauthentic propaga-
tion strategy pose challenges to health promotion (Cruick-
shank et al. 2021). Ginosar et al. examined the content of
YouTube videos shared in vaccine-related tweets before the
COVID-19 vaccine rollout. The research discovered the role
of cross-platform sharing of YouTube videos over Twitter as
a strategy to propagate anti-vaccination messages (Ginossar
et al. 2022).

Methodology
Sentiment Analysis Based on Bert

Bert is a new pre-training method for language representa-
tions. The semantic representation ability of the model is
enhanced through the masked language model (MLM) and
next sentence prediction task (NSP). Besides, it has achieved
many NLP tasks depending on Transformer’s powerful fea-
ture extraction and fine-tuning transfer learning abilities.
The Bert model lacks the training of emotion corpus in
the pre-training stage, which leads to its poor performance
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Figure 1: Structure of sentiment classification by Bert deep
learning model.

in performing emotion classification tasks. To im-prove the
accuracy and granularity of large-scale complex text in emo-
tion classifica-tion tasks, we developed a new pre training
task for Bert and introduced an improved pre-training corpus
set TB = {T'B; |i€{1,2,...,M}}. That is, in addition
to the original Chinese Wikipedia corpus, we also added the
public Sina Weibo and Baidu Tieba emotional corpus TW
(https://github.com/SophonPlus/ChineseNlpCorpus), hop-
ing that the model could learn more emotional information.
At the same time, we also introduced the public Sina Weibo
annotation set and a small number of emotional annotation
sets of public health emergencies as the BERT in-depth
pre-training corpus Finally, the final emotion classification
was obtained by fine-tuning the model on the Weibo dataset
TC = {TC;|ie{1,2,...,M}}The model is described
as follows:

w,d,p denote token embeddings, segment embed-
dings, and position embeddings, respectively; Trm in-
dicates the encoder unit of the transformer; d; =
{ng |je{l,2,.. .,Ni}}denotes the vector set, which
combines the words of the document d; and improved full-
text semantic information.

In the pre-training phase (see Figure 1), after the seg-
mented document d; = {w;; | j € {1,2,...,N;}} was in-
put into the model, each word was mapped into three vectors
W;i(w + 6 + p), called word embedding. The residual net-
work structure connects the multi-head mechanism and the
feed-forward layer via the transformer encoder. The mul-ti-
head method calculates the attention weight by performing
numerous linear trans-formations on the input vector.

Thus, the transformer encoder captures and stores the se-
mantic relationship and grammatical structure information
of document D. It is connected with the output layer of Soft-
max to adapt to transfer learning under multitasking. In this
paper, we first initialize the Bert model with pre-trained pa-
rameters, and then all of the parame-ters were fine-tuned us-
ing labeled sentimental classification data.

BertFDA Framework for Public Opinion Analysis

BertFDA is built with the goal of accurately simulating the
evolution of large-scale network public opinion, grasping

the evolution characteristics and laws of groups in real-time,
and assisting government departments in rapidly forming an
effective pub-lic opinion response mechanism. Figure 2 il-
lustrates the process framework based on BertFDA. The de-
scription of the algorithm framework is as follows:

Step 1: Data gathering and preprocessing: The public
opinion corpus of Weibo is crawled through web crawler
technology to obtain the public opinion data related to the
COVID-19 vaccine. It is preprocessed by format conversion,
removal of stop words, and word segmentation to form an
emotional corpus dictionary, and each word cor-responds to
a unique index.

Step 2: Word embedding and LDA model: After inputting
the corpus set TB into the Bert pre-training model, each
word would be mapped to word embeddings T'B;;(w + ¢ +
p).Then, it is input into the LDA model to improve the train-
ing of the topic vector u. A better result p’ is obtained after
iterative calculation, that is, the probability distributions of ¢
optimal topics and different “topic words” are derived.

Step 3: Building Bert’s sentiment classifier: The feature
vector T'B;;(w + 0 + p) output from Step 2 is introduced
into the bidirectional transformer encoder, and then a single-
layer neural network is constructed to connect the output
vector corresponding to [CLS] in the transformer as the clas-
sifier to perform sentiment classification (SC). Simultane-
ously, the two pre-training tasks of MLM and NSP are re-
tained and connected to the output vector corresponding to
[MASK] and [CLS], respectively. Finally, the corpus TW
is deeply pre-trained in the target field, and the COVID-19
vaccine corpus TC is finetuned to output the emotional clas-
sification and emotional value of the corpus

Step 4: FDA modeling: Taking the emotional time series
as the input, cross-validation (CV) is used to estimate the
number of basis functions, and the unde-termined coeffi-
cients of the model are obtained by the least-squares method.
Ulteriorly, the intrinsic sentiment can be built. Finally, we
obtain the sentiment evolution based on the function curve.

Step 5: Revealing public opinion and prediction: The pub-
lic opinion of the COVID-19 vaccine is examined across
four dimensions using the procedures outlined above: Sen-
timent classification and topic clustering using time series,
topic emotion mixed analysis, and sentiment prediction with
machine learning.

Experiments
Data Extraction and Preprocessing

Weibo has played a significant role in people’s lives as a
source of information and communication. As a result, we
selected Sina Weibo as the data source. The Wuhan Epi-
demic Prevention and Control Headquarters announced the
“Wuhan lockdown” on 23 January 2020. Since then, the
epidemic has spread, and the number of people discussing
it has gradually increased. Therefore, we built a Python-
based crawler architecture using the COVID-19 outbreak as
a study background and search phrases such as “new crown
vaccine” and “new crown vaccination.” It collects 2,597,823
microblog posts from 0 h on 23 January 2020 to 24 h on
23 January 2022 (732 days in total). The data include the
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Figure 2: Public opinion analysis framework based on
BertFDA.
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Figure 3: The number of Sina Weibo and Baidu index over
the entire study timeline.

username, content, and the time of posts. As the first step
in Section 3.4, the collected microblog posts are cleaned
by detecting and processing duplicate and missing values,
manually filtering irrelevant information such as advertise-
ments and website links, and converting emoticons into text.
For fur-ther analysis, the cleaned 2,353,435 valid microblog
posts are integrated according to the time series and pro-
cessed using function smoothing. In addition, we used the
Baidu Index (http://index.baidu.com/accessed on 1 Otober
2021) to gauge public attention. As a result, we undertook
an integrated analysis of public opinion in the Baidu Index
throughout this study time, as well as the microblog post
volume we crawled, using the search term “new crown vac-
cination.” Figure 3 depicts the results.

The evolution pattern of the COVID-19 vaccine in the
Baidu index is highly con-sistent with Sina Weibo. The pub-
lic debate and interest in the COVID-19 vaccine peaked be-
tween November 2020 and August 2021. Combined with
specific events, the peak in October 2020 is related to the

massive discussion when Pfizer revealed that their COVID-
19 vaccine provides 90% protection. The spike in November
2020 is related to the vaccine being administered to a British
woman for the first time. The de-bate increased in waves af-
ter China approved the COVID-19 vaccine. In August 2021,
it was approved for usage by school pupils aged 3 to 17, and
the heat of discussion was reignited.

Tracking Topic over Time

Tracking topics over time allows regulatory authorities to
more accurately predict and control emergency risks, result-
ing in more efficient information services and emergency
management. Many researchers divide time into multiple
phases to observe the dynamic evolution of topics. In order
to examine the theme of sentiment evolution at the various
stages. These methods could detect topic fermentation in-
flection points as well as people’s overall sentiment tenden-
cies. On the other hand, most time series studies of public
health emergencies are divided according to the overall sit-
uation following the event, with rather coarse time unit par-
ticles. For the COVID-19 vaccination, we want to explore
the theme characteristics and evolutionary laws of microblog
posts. Based on the nature of public health emergencies, it
is proposed that month be used as the time unit to better ob-
serve the public opinion trend. We vectorized each month’s
microblog posts to obtain feature vector representations of
dimensions such as syntax, semantics, and theme, and then
performed perplexity and coherence calculations on the op-
timized text vector to obtain the optimal number of topics, as
outlined in step 2 of Section 3.4. In Table A1, we provide the
results of the feature word extraction and topic distribution
for a total of 24 months.

We can observe that the topic with the highest continu-
ity is “Global development trend of the COVID-19”, which
occurred 14 times in 24 months and throughout the whole
study period. The urgent need of the public for COVID-19
vaccines is closely related to the increasingly severe epi-
demic. Therefore, the public’s most concerning issue is the
global epidemic’s development trend. The second topic is
“The progress of China’s COVID-19 vaccine research and
development.” It appeared 13 times, mainly in the early and
middle stages of COVID-19. In terms of the popularity of the
topic, its popularity in the early stages exceeded that of all
other topics, especially in January and June 2020. In January
2020, the public paid special attention to the research and
development plan for the COVID-19 vaccine. Good news
about China’s vaccine research and development came fre-
quently, triggering heated public discussion. For example,
the Chinese Center for Disease Control and Prevention took
the lead in isolating the viral strain across the world, and the
first batch of vaccines developed in the Zhejiang Province of
China successfully induced antibody production and entered
the stage of animal trials, etc. Five months later, significant
progress had been made in the research and development of
multiple vaccines in China.

The topics of “Epidemic prevention and control policies
in China’s provinces” and “COVID-19 vaccination doses in
China” occurred nine and eight times, respectively. “Vacci-
nation in China’s provinces” related to this topic also ap-



peared six times in the middle and late stages. In addition,
with the continuous variation and spread of COVID-19, rel-
evant discussions also appeared seven times in the middle
and late stages. There are also some topics closely related to
China’s COVID-19 vaccine. In addition, Olympic champion
Zhang Shan became the star spokesperson of the COVID-
19 vaccine promotional film, calling on everyone to get the
COVID-19 vaccine. As a consequence of these encourage-
ment and publicity measures, China’s vaccination rate for
the COVID-19 vaccine rose rapidly. Therefore, the vaccina-
tion dose also became one of the topics of public concern
and discussion. Another related topic is China’s vaccination
reaction. The public is very concerned about the safety, ef-
fectiveness, and side effects of the vaccine. The COVID-19
vaccines approved globally have more or less side effects
and adverse reactions.

Tracking Sentiment over Time

To gain a comprehensive understanding of the evolution of
public sentiment during the whole research period, we con-
structed the Bert sentiment classifier and performed fine-
tuning based on the Bert pre-training model to summarize
the sentiment in all 2,353,435 microblog posts, as described
in steps 3 and 4 of Section 3.4. We observed 1,962,464 pos-
itive and 392,971 negative microblog posts, accounting for
83.3% and 16.7% of all, respectively.

Figure 4 depicts the smooth curve of daily average sen-
timent scores and positive and negative microblog post vol-
ume over a 732-day period beginning on 23 January 2020.
This curve is obtained by the FDA method, where the time
index is considered as the input and the original sentiment
scores calculated by Bert as the output (see the orange
curve). As for the number of basis functions, this is deter-
mined by minimizing the generalized cross-validation cri-
terion (Liang et al. 2022). We confirmed that the optimal
threshold for the positive and negative sentiment was 0.61
by Fl-score (Fujino, Isozaki, and Suzuki 2021). The daily
average sentiment score and its function smooth curve show
that public sentiment was mostly positive. Nonetheless, pub-
lic opinion began to gradually decline after the vaccination
for COVID-19 in December 2020, and as the number of
vaccinations increased, so did public dissatisfaction with the
vaccine, which did not improve until most citizens had com-
pleted the entire vaccination course (October 2021).

The microblog posts volume in Figure 4 shows that as the
COVID-19 vaccination work progresses, the public’s pos-
itive and negative comments are increasing continuously.
The cumulative number of vaccinations has gradually in-
creased as a result of the state’s vigorous vaccination pro-
motion. Furthermore, the Dynamic COVID-Zero Strategy
in China has effectively controlled the epidemic. It may have
improved public confidence and mobilized the public’s posi-
tive mood (Information Office of the State Council 2022a,b).
However, people’s willingness to be vaccinated is not as
optimistic as expected in the early stages of vaccination in
China. Many people are taking a wait-and-see approach,
questioning the vaccine’s safety and side effects. The con-
clusion is consistent with reference (Du et al. 2021). More-
over, some people exploit a tiny number of vaccine-related

Microblog post volume
Sentiment score

Figure 4: The smooth curve of average sentiment scores, and
positive and negative microblog posts volume.

adverse events to disseminate unpleasant feelings and terror
across the Internet. With the ongoing mutation of COVID-
19, the efficacy of vaccination has been doubted, and a grow-
ing number of people have a negative attitude toward it.

Conclusions

Drawing on microblog posts from 23 January 2020 to 23
January 2022 (732 days in total), we examined public opin-
ion on the COVID-19 vaccine in China. Firstly, the topic
modeling of microblog posts was carried out through the
improved LDA model, which effectively identified the key-
words and topics discussed by the public at various stages of
the COVID-19 vaccine’s development and application. Sec-
ondly, the opti-mized Bert language pre-training model is
utilized to analyze the sentiment of mi-croblog posts to de-
scribe the public’s emotional changes to the vaccine at vari-
ous phases. Through the distinction and modeling of positive
and negative microblog posts, it reveals the differences in
the topics concerning vaccine-support and vac-cine-hesitant
groups. Finally, we use machine learning models to predict
the evolu-tionary trends of public sentiment, providing prac-
tical significance and reference val-ue for the government’s
macro-control of COVID-19 vaccination.
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