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Abstract
The outbreak of COVID-19 has led to a global health crisis and caused huge emotional swings. However, the positive emo-
tional expressions, like self-confidence, optimism, and praise, that appear in Chinese social networks are rarely explored by 
researchers. This study aims to analyze the characteristics of netizens' positive energy expressions and the impact of node 
events on public emotional expression during the COVID-19 pandemic. First, a total of 6,525,249 Chinese texts posted by 
Sina Weibo users were randomly selected through textual data cleaning and word segmentation for corpus construction. A 
fine-grained sentiment lexicon that contained POSITIVE ENERGY  was built using Word2Vec technology; this lexicon was 
later used to conduct sentiment category analysis on original posts. Next, through manual labeling and multi-classification 
machine learning model construction, four mainstream machine learning algorithms were selected to train the emotional 
intensity model. Finally, the lexicon and optimized emotional intensity model were used to analyze the emotional expres-
sions of Chinese netizens. The results show that POSITIVE ENERGY  expression accounted for 40.97% during the COVID-
19 pandemic. Over the course of time, POSITIVE ENERGY  emotions were displayed at the highest levels and SURPRISES 
the lowest. The analysis results of the node events showed after the outbreak was confirmed officially, the expressions of 
POSITIVE ENERGY  and FEAR increased simultaneously. After the initial victory in pandemic prevention and control, the 
expression of POSITIVE ENERGY  and SAD reached a peak, while the increase of SAD was the most prominent. The fine-
grained sentiment lexicon, which includes a POSITIVE ENERGY  category, demonstrated reliable algorithm performance and 
can be used for sentiment classification of Chinese Internet context. We also found many POSITIVE ENERGY  expressions 
in Chinese online social platforms which are proven to be significantly affected by nod events of different nature.
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Introduction

From communication to interconnection, from 2 to 5G, the 
Chinese society has undergone both opportunities and chal-
lenges brought by the continuous development of Internet 
technology. The  49th Statistical Report on China's Internet 
Development (“Report”) released by the China Internet 
Network Information Center (CNNIC) in February 2022 
shows that up until December 2021, the number of neti-
zens in China has reached 1.03 billion, with an increase of 
42.96 million since December 2020 (China Internet Network 
Information Center, 2022). In this modern era, social media 
is an important platform for communication and interac-
tion, attracting netizens to participate in the discussion and 
dissemination of various heated topics during and post-
events. As one of the most popular social media platforms 
in China, Sina Weibo (Weibo) has aggregated huge numbers 
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of sadness, fear, anger or happy texts about some hot issues 
(Sina Weibo Data Center, 2021; Zhang & Yu, 2018). Mining 
and exploring this kind of massive data from social media 
is of great significance to the correct and objective under-
standing of the emotions and attitudes of netizens, and to 
studying the emotional expression of individuals in the net-
work environment (Han et al., 2022). Meanwhile, it can also 
provide theoretical reference for government departments to 
recognize and guide trends related to public opinion evolu-
tion. Therefore, the field of mining and utilizing massive 
text data has been a popular research topic in sociology and 
psychology.

Emotions are defined as internal mental states that result 
from an evaluation of events or stimuli (Ekman & Friesen, 
1971; Novembre et al., 2019). Therefore, emotions are unsta-
ble in a period of time, prone to change with specific events. 
When the subjective willingness and demands of individuals 
are consistent with that of the external environment, they 
will have an optimistic state of mind and display positive 
emotions (Barbalet, 1998; Novembre et al., 2019). But when 
the subjective intentions and demands of individuals are 
inconsistent with that of the external environment, they will 
have a passive state of mind and negative emotional experi-
ence (Novembre et al., 2019). The variability of emotions 
determines the complexity of its structure and mechanism 
(Ready et al., 2012; Tavares et al., 2011). In this study, emo-
tional structure is determined by the classification view and 
dimensional view. Researchers who support the classifica-
tion view propose that emotions can be divided into differ-
ent categories, such as negative or positive (Buratto et al., 
2014; Kensinger & Corkin, 2004), but this classification 
fails to consider the granularity of emotions. On this basis, 
a new emotional classification is proposed by Ekman, in 
which he defined six standard emotional categories (Ekman 
& Friesen, 1971; Gao et al., 2020). A large number of later 
studies have adopted this theory of the six basic emotional 
expressions (Hutto et al., 2018; Sailunaz & Alhajj, 2019; 
Zeng & Zhu, 2019). However, expect for the HAPPY cat-
egory that expresses positive emotions, this theory lacks 
sufficient positive emotional types. In other words, the clas-
sification of positive emotions in this theory is not detailed 
enough. Therefore, the theory of the six basic emotions may 
not be applicable to the Chinese online community context, 
which is filled with a large variety of positive emotional texts 
(Liang et al., 2015; Yang et al., 2019; Zhu & Xu, 2021). In 
order to more effectively portray positive emotional texts, 
we categorized texts on the Internet that convey confidence, 
hope, and encouragement etc. into a new category called 
POSITIVE ENERGY . Another Chinese study adopted a simi-
lar approach. They combined Ekman's emotion classification 
principles and the traditional Chinese emotion classification 
system to develop an Affective Lexicon Ontology (ALO), 
which contains a new emotional category LIKE (Xu et al., 

2008, 2021). The study suggests that the category LIKE is 
suitable for standard positive emotional texts analysis and 
can examine emotions more comprehensively.

In addition to emotional classification, emotional inten-
sity should also be regarded as a quantitative dimension that 
is relatively independent of qualitative differences between 
emotional categories. For example, emotional expression is 
not just characterized by classification such as "happiness", 
"fear" etc., but also by intensity such as "a little happy", 
"very sad" etc. Some researchers have studied the theoretical 
support and measurement methods of emotional intensity. 
Russell (1980) divided human emotions into two dimen-
sions, namely "arousal" (High-low) and "valence" (positive 
and negative emotions), and many researchers believe that 
arousal actually reflects emotional intensity (Gong et al., 
2018; Kaufman, 1999; Salgado & Kingo, 2019; Sonne-
mans & Frijda, 1995). Reisenzein (1994) proposed two 
dimensions, "pleasure" and "arousal" to measure emotional 
intensity. In the same year, Sonnemans and Frijda (1994) 
developed a five-dimensional model of emotional intensity. 
According to these studies, emotional intensity is one of the 
inherent characteristics of emotional expression, and differ-
ent types of emotions have different intensity levels.

In the field of emotional psychology, the measurement of 
emotions mostly adopts two methods: subjective measurement 
and objective measurement. Among these, the subjective meas-
urement method is generally used to measure emotional expres-
sion, using relatively mature and recognized questionnaires with 
high reliability and validity, such as the Basic Emotion Scale 
(BES; Power, 2006) and the Pleasure Arousal Dominance Scale 
(PDAS; Kulviwat et al., 2007). On the other hand, the objec-
tive measurement method measures the physiological indicators 
and behaviors of its subjects, mainly including the measure-
ment of the autonomic nervous system (Moon et al., 2021), the 
measurement of the activity in the brain (Zhao et al., 2021), and 
the measurement of behavior (Kümmel & Kimmerle, 2020). 
All the above-mentioned methods have dominated the field of 
emotional psychology until simpler and more efficient machine 
learning (ML) methods appeared and were applied to psychology 
research. Sentiment analysis is one of the most advantageous and 
widely used methods of ML, which involves to identifying sub-
jective attitudes, emotions, or evaluations of processed texts by 
using Natural Language Processing (NLP; Medhat et al., 2014). 
Scholars construct emotional dictionaries and design emotional 
analysis models according to the emotional characteristics of 
words to analyze texts representing people's emotional states. It 
is fair to say that sentiment analysis has been considered an effec-
tive supplementary method for emotional psychology research 
(Crossley et al., 2017).

A suitable sentiment lexicon is the basis for a reliable 
sentiment analysis. At present, some English sentiment 
lexicons were widely used in psychology research, such as 
Linguistic Inquiry Word Count (LIWC; Pennebaker et al., 
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2015), General Inquirer (GI; Stone et al., 1966), Affective 
Norms for English Words (ANEW; Bradley & Lang, 1999) 
and extended ANEW datasets (Shaikh et al., 2016; War-
riner et al., 2013) etc. Among them, ANEW can be the main 
representative of coarse-grained sentiment lexicon, which 
contains 1,034 English words with valence, arousal and 
dominance values (Bradley & Lang, 1999). The LIWC lexi-
con can be considered as the representative of fine-grained 
sentiment lexicon (Pennebaker et al., 2015), which contains 
more than 4,500 English words in more than 88 psycho-
logical categories (Lee et al., 2019). Although the research 
on sentiment analysis of Chinese text started later than in 
foreign research, the gap between the levels of expertise in 
this field is small. Some Chinese sentiment lexicons have 
accumulated an impressive amount of words in recent years, 
such as HowNet (Dong & Dong, 2003), Simplified Chinese-
Linguistic Inquiry and Word Count (SC-LIWC; Cheng et al., 
2017), Encoding Emotion in Chinese (Lin & Yao, 2016) and 
ALO. Among the rest of these lexicons, the ALO lexicon 
had high coverage and taxonomic classification that were 
widely used in Chinese sentiment analysis (An et al., 2021; 
Xu et al., 2008, 2021). However, these sentiment analysis 
studies have operationalized emotions as the simple factor 
contrasting emotional texts vs. neutral texts, failing to con-
sider quantifying emotions by combining emotional catego-
ries and emotional intensity (Buratto et al., 2014).

At present, research on emotional intensity generally 
adopts the combination of manual annotation and ML algo-
rithm to construct the intensity model and to analyze the 
intensity of individual emotional expression by the results 
of the ML model (Mozetič et al., 2016; Rodríguez & Garza, 
2019; Xiong et al., 2019). As early as 1999, Bradley and 
Lang (1999) had paid attention to the importance of emo-
tional intensity. Combined with the dimensional view of 
emotion, they used nine-point scales to collect fine-grained 
ratings for valence, arousal and dominance.1 Among them, 
arousal was the dimension of emotional intensity. Mean-
while, based on the manual evaluation method, they also 
compiled the ANEW lexicon (Bradley & Lang, 1999). Rod-
ríguez and Garza (2019) also used manual annotations to 
analyze the emotional intensity of a series of texts containing 
emotions. As a result, they identified three intensities in dif-
ferent emotional categories. Buratto et al. (2014) suggested 
that researchers should try to classify emotional stimuli as 
"high", "medium" or "low" intensity to improve the valid-
ity of sentiment analysis. Pröllochs et al. (2018) also real-
ized that the polarized emotional lexicon was not sufficient 
to characterize the emotional expression of users on social 
media and needed to further distinguish subtle differences 

in the intensity of sentiment. They proceeded to produce 
an automated toolset that combines emotional intensity and 
categories lexicon (Pröllochs et al., 2018).

Some interesting results have also been obtained by 
using NLP techniques to study the emotional expression of 
social events. Bollen et al. (2011) analyzed the relationship 
between major life events and public sentiment by Twitter 
users' posts, and it turns out that social events have a signifi-
cant impact on the intensity of dominant public emotions. 
Salathé and Khandelwal (2011) investigated the emotional 
expression of Twitter users during the H1N1 pandemic and 
found that the emotional intensity of Twitter users showed 
the characteristics of temporal and spatial changes with the 
development of the H1N1 pandemic (Salathé & Khandelwal, 
2011). In general, while sentiment analysis has become a 
mainstream research method for studying individual emo-
tional expression (Feng et al., 2020; Kirelli & Arslankaya, 
2020), the use of NLP technology to analyze the emotional 
expression of users in public health emergencies has also 
been proven feasible (Han et al., 2022; You et al., 2021).

The outbreak of the Coronavirus Disease 2019 (COVID-
19) was first reported in Wuhan, China, subsequently, cases 
of 2019 novel coronavirus pneumonia have been reported 
worldwide (World Health Organization, 2020). The COVID-
19 outbreak has generated significant panic and worry (Han 
et al., 2022; Nicomedes & Avila, 2020). In some ways, the 
COVID-19 pandemic broadly holds the world in its grip 
(Blanken et al., 2021). As this pandemic is characterized by 
suddenness, unpredictability and severe individual and public 
damage, it has an immeasurable negative impact on the emo-
tional expression and behavioral performance of individuals 
(Havnen et al., 2020). Public emotions may even change dra-
matically because of the sudden changes in their surround-
ings (Emodi-Perlman et al., 2021). In addition, due to the 
strict lockdown policies implemented by various countries, 
people who were locked down at home will lack sufficient 
information sources and real-world social support (Rubin & 
Wessely, 2020; Wang et al., 2020). These strict policies might 
lead to repeated perceptions of various emotional experiences 
brought about by the pandemic information. Such a single 
emotional experience will not only overconsume the cognitive 
resources used for everyday life but also harm the physical 
and mental health of individuals (Emodi-Perlman et al., 2021; 
Sønderskov et al., 2020). Therefore, it is necessary to explore 
the emotional expression characteristics of netizens during the 
COVID-19 pandemic.

In summary, previous studies have provided a practical 
way to research the emotional expression of netizens during 
the COVID-19 outbreak. Based on the existing research, this 
study intends to construct the objective and general fine-
grained sentiment lexicon and emotional intensity model 
of Weibo netizens, which would fill the gaps in previous 
research of the Chinese online context. In addition, the above 

1 https:// airta ble. com/ shrnV oUZrw u6riP 9b/ tblf3 VIxnv NiApt 7M/ 
viwOV B3xoV ejnmh vG

https://airtable.com/shrnVoUZrwu6riP9b/tblf3VIxnvNiApt7M/viwOVB3xoVejnmhvG
https://airtable.com/shrnVoUZrwu6riP9b/tblf3VIxnvNiApt7M/viwOVB3xoVejnmhvG
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sentiment analysis tools constructed in this study were veri-
fied and applied in the emotional expression analysis of Chi-
nese netizens during the COVID-19 outbreak. This research 
could play a certain role in easing the negative emotions and 
increasing positive emotions of Chinese netizens.

Measurement instruments

The construction of original Weibo corpus

A general and accurate corpus is the foundation of an 
authentic fine-grained sentiment lexicon construction (Feng 
et al., 2020). Because there is no existing public corpus of 
Chinese social media original texts, we constructed a Chi-
nese corpus for our analyses. In this study, Sina Weibo2 was 
selected as the data source of the research corpus, while 
Python was used to compile the crawler of Weibo text, and 
the UIDs of Weibo users were randomly selected as clues to 
collect. The Weibo corpus we collected contains all origi-
nal Weibo texts published by the users since registration. 
The privacy of Weibo users was strictly protected in the 
whole process in adherence to the ethical principles refer-
ence listed by Kosinski et al. (2015). Furthermore, this study 
is also approved by the Ethics Committee of the School of 
Psychology, Guizhou Normal University (Ethics Approval 
No. GZNUPSY53). The details of corpus construction are 
as follows.

Original Weibo texts collection

During the period from October 2021 to November 2021, 
we randomly captured the public information of followers 
of official media accounts in Weibo including "CCTV News" 
and "Xinhua News Agency". At the same time, we combined 
UID to collect the original texts posted by these randomly 
selected Weibo users as the corpus. After excluding users 
with less than 50 original posts on Weibo (Xu et al., 2021), 
7,415,252 original Weibo texts for corpus construction were 
finally obtained.

Textual data cleaning

The original Weibo texts contain an immense amount of 
personalized texts, which are potentially inconducive for 
emotional expression analysis. Thus, in order to improve 
the accuracy of sentiment analysis, the original texts were 
cleaned prior to analysis. The specific cleaning process is 
as follows: 1) Removing duplicate texts based on URL. 2) 
Excluding the texts that netizens forwarded. 3) Eliminating 

invalid contents by regular matching techniques, such as 
English vocabulary, utf8mb4 emojis, hashtags, extra spaces, 
and URL links in the texts. After data cleaning, a total of 
6,525,249 Chinese text data were retained.

Chinese word segmentation

Generally speaking, sentiment analysis relies upon words 
and their associated meaning (Havey, 2020). But an obstacle 
posed by Chinese texts is that Chinese sentences are repre-
sented as vocabularies or character strings without natural 
delimiters. Chinese word segmentation technology is used 
to identify word sequences in a sentence and mark (usually 
SPACE) boundaries in appropriate places (Shi et al., 2018). 
In this study, we availed the accurate mode of Jieba,3 a popu-
lar open-sourced Python module for Chinese text segmenta-
tion. After textual data cleaning and Chinese word segmen-
tation, the original texts were finally usable as a corpus for 
the lexicon construction.

The construction of Weibo fine‑grained sentiment 
lexicon

Extraction of seed words

Previous studies mostly adopted coarse-grained senti-
ment analysis which is based on the emotional positivity 
or negativity of vocabularies (Leis et al., 2019). How-
ever, there are relatively fewer studies on the fine-grained 
classification of emotions, and the existing researches 
lack a consistent classification standard of emotion. 
This study is an extension of the prior research. In the 
research of Chinese NLP, the ALO lexicon is a widely 
used fine-grained sentiment lexicon which includes the 
six categories of emotion words (HAPPY, ANGRY , SAD, 
FEAR, DISGUST, and SURPRISE) from the Ekman emo-
tion classification principle and a LIKE category from 
the Chinese classical emotion classification system.

However, the source of the ALO lexicon is mainly stand-
ardized dictionaries, such as "Modern Chinese Classification 
Dictionary", "Chinese Adjective Dictionary" etc. (Xu et al., 
2008, 2021), so the ALO lexicon may not be directly appli-
cable in the Internet context where language is relatively 
liberalized and personalized. Therefore, it is necessary to 
construct the domain lexicon according to the needs of the 
research and select the seed words from the normalized dic-
tionary, to construct a seed word set. In this study, the typi-
cal emotional vocabularies involved from the ALO lexicon 
can be used as the seed word of the domain lexicon in the 
network context.

2 https:// weibo. com 3 https:// github. com/ fxsjy/ jieba

https://weibo.com
https://github.com/fxsjy/jieba
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Referencing previous studies (Luo et al., 2015; Xu et al., 
2021), this study recruited three volunteers (including a PhD 
student and two master students in psychology) to manually 
select 100 words that best describe the state of each category 
of emotional vocabulary in the ALO lexicon. For the unani-
mously selected words, these words were directly included 
into the seed word set of this category of emotion. For the 
inconsistent words, each word was discussed by these three 
volunteers to reach a consensus. A total of 579 emotion seed 
words were included in this study, and the examples of seed 
words are shown in Table 1.

The composition of fine‑grained sentiment lexicon

In this study, the vocabulary source of fine-grained senti-
ment lexicon is the original Weibo corpus mentioned above. 
Specifically, the Word2Vec model was used to conduct 
similar word expansion training, and the emotional expres-
sion words with the highest similarity scores to seed words 
were obtained. Word2Vec is a mainstream word embedding 
approach in the NLP research field and can be used to build 
a sentiment dictionary (Roh et al., 2019; Bai et al., 2014). 
Word2Vec technology can be trained on a large amount of 
data (Zhu et al., 2017) so as to obtain the words that are 
highly similar and correlate to seed words and use cosine 
value as similarity index (Duong et al., 2018).

In this study, the original Weibo corpus was adopted in 
the Word2Vec model training process. The details of this 
process are as follows: First, the continuous bag of words 
(CBOW) function of the Word2Vec toolkit was used to 
train the appropriate model and calculated the word vec-
tor results of words in the corpus. Second, the seed words 
were imported into the trained model, and calculated the top 
50 emotional expression words with the highest similarity 
score (cosine ≥ 0.7) to the seed words (Xu et al., 2021). In 
order to get a higher Word2Vec model effect, we performed 
Word2Vec model on corpora of different orders of magni-
tude (including 500,000 words, 1,000,000 words, 2,000,000 
words, and 6,000,000 words) respectively. We took the simi-
larity level (cosine values) of the specified word as the spe-
cific evaluation index and selected a corpus with a higher 
cosine value. It was found that the corpus constructed with 6 

million words could obtain a higher Word2Vec model effect. 
Finally, three volunteers (including a PhD student and two 
master students in psychology) were recruited to perform 
manual word filtering in order to eliminate ambiguous words 
and uncommon words in the Chinese online context. Simi-
larly, each word or phrase was discussed by these volun-
teers in order to reach a consensus. After these operations, 
the fine-grained sentiment lexicon was finally built. The 
vocabulary statistics of the lexicon are shown as follows: 
459 HAPPY words, 381 ANGRY  words, 382 SAD words, 442 
FEAR words, 716 DISGUST words, 126 SURPRISE words, 
and 512 POSITIVE ENERGY  words.

The verification of fine‑grained sentiment lexicon

In order to gauge the validity of the fine-grained sentiment 
lexicon, this study employed coverage rate and classification 
accuracy to verify the validity of the above lexicon and com-
pared it with those of the ALO lexicon. Among them, cov-
erage rate refers to the proportion of the number of Weibo 
texts containing emotional words in the lexicon to the total 
number of texts. Classification accuracy is a common indica-
tor of tool performance judgment, including precision rate, 
recall rate, and F1-score.

The specific process of lexicon verification is as follows: 
First, 1,800 Weibo posts were randomly selected as the test 
dataset, and 3 volunteers were recruited to label the senti-
ment categories. In addition, since the same Weibo text may 
express multiple emotions, we set the principle that a text 
can be labeled as multiple sentiment categories.

Second, the ALO lexicon and fine-grained sentiment 
lexicon were loaded separately and performed vocabulary 
matching on the text of the test set. The results showed 
that compared with the ALO lexicon (with the coverage 
rate of 72.6%), our fine-grained sentiment lexicon had a 
higher coverage rate (with the coverage rate of reaching 
84.3%).

Finally, we analyze the classification accuracy of the 
fine-grained sentiment lexicon. The accuracy indicators 
mainly include precision rate, recall rate, and F1-score, 
where the F1-score is the weighted harmonic mean of 
the precision rate and recall rate. In addition, the subset 

Table 1  Example of emotion 
seed words in Weibo

Category Seed words Count

HAPPY 开心 ("happy"), 快乐 ("joy"), 微笑 ("smiling"), 捧腹大笑 ("laughing") 89
ANGRY 愤怒 ("anger"), 恼怒 ("irritation"), 狂怒 ("rage"), 愤愤不平 ("indignation") 83
SAD 悲痛 ("grief"), 绝望 ("despair"), 孤独 ("alone"), 哭泣 ("crying") 97
FEAR 惊慌 ("panic"), 畏惧 ("fear"), 胆怯 ("timidity"), 焦虑 ("anxiety") 92
DISGUST 憎恶 ("aversion"), 自负 ("vanity"), 丢脸 ("reproach"), 发牢骚 ("ranting") 94
SURPRISE 惊讶 ("wonder"), 奇迹 ("marvel"), 吃惊 ("flabbergasted"), 惊愕 ("jaw-dropping") 42
POSITIVE ENERGY 祝福 ("blessing"), 信任 ("trust"), 可靠 ("reliability"), 钦佩 ("admiration") 82
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of negative words was imported into the text sentiment 
classification, so as to carry out more accurate results. 
The results showed that the fine-grained sentiment lexi-
con had a higher classification accuracy. The results are 
shown in Table 2.

The construction of Weibo emotional intensity 
model

Emotional expression is not only including the charac-
teristics of emotional categories, but also includes the 
difference in emotional intensity. By comprehensively 
analyzing the characteristics of netizens' emotional cat-
egories and emotional intensity, we can better investigate 
individuals' emotional attitudes towards their own life 
and specific life events. Therefore, this study constructed 
the supervised ML model suitable for the emotional 
intensity based on the fine-grained sentiment lexicon.

Manual labeling of the training dataset

The core of supervised ML algorithms for text analysis 
is to take the manually annotated training data as the 
criterion of ML model training. In this part, we selected 
the above-mentioned test textual dataset (in “The veri-
fication of fine-grained sentiment lexicon” section) 
that had been classified into emotional categories and 
recruited volunteers for manual labeling of emotional 
intensity.

The specific process was as follows: First, calculate 
the consistency of the scores of different raters. Kend-
all’s coefficient of concordance was used to determine 
the consistency of scoring in this study. By obtaining 
Kendall’s coefficient of concordance, a good evaluation 
result or a good scorer could be selected objectively (Fer-
rari et al., 2009; Guo et al., 2020). In order to get more 
accurate results, 200 texts from different emotional cat-
egories of the test dataset were randomly selected, and 
five raters (including three master students in psychol-
ogy and two undergraduate students in Chinese language 

and literature) independently rated the emotional inten-
sity levels from 1 to 5. Subsequently, Kendall’s coef-
ficient of concordance (W) of the emotional intensity 
scores was calculated. The results showed that there 
was a high level of consistency among different raters 
(WHAPPY = 0.79, WANGRY  = 0.82, WSAD = 0.82, WFEAR = 0.79, 
WDISGUST = 0.77, WSURPRISE = 0.74, WPOSITIVE ENERGY  = 0.79, 
Ps < 0.01). Then, these raters were asked to continue eval-
uating the texts of the seven emotion categories, and 2500 
sample sets were finally obtained for subsequent emotional 
intensity model training.

The training of emotional intensity models

The protocol of this study is structured following the 
previous ML studies’ recommendations. First comes text 
vectorization and dimension reduction operation. In this 
study, we used vocabulary as the feature of the emotional 
intensity model, that was, the Chinese vocabulary con-
tained in each text was used as the classification basis. 
In order to avoid too complex calculations, dimensional-
ity reduction operations on text features were required 
(Hoke et  al., 2020). In this study, we independently 
adopted the term frequency-inverse document frequency 
technology (TF-IDF) and set the high threshold. Then, 
the dimensionality reduction method was used for these 
Weibo texts. After the TF-IDF operation, the remaining 
word vectors were included in the emotional intensity 
prediction task.

The second step is ML algorithm selection operation. 
This study used the supervised ML algorithms to analyze 
the emotional intensity, with the purpose of constructing 
a five-level classification model of the emotional inten-
sity of these texts (Sasaki et al., 2009). First, according 
to the recommendations of previous studies (Muraoka 
et al., 2019), the dataset of 2500 texts was divided into a 
training set of 2000 texts (400 texts of level 5 emotional 
intensity) and a test set of 500 texts. Subsequently, the 
widely used ML algorithms were selected into training a 
multi-classification model of emotion intensity, mainly 

Table 2  Comparison of lexicon 
accuracy results

Category Fine-grained sentiment lexicon ALO lexicon

Precision Recall F1 Precision Recall F1

HAPPY 0.68 0.71 0.69 0.54 0.57 0.55
ANGRY 0.73 0.62 0.67 0.42 0.27 0.32
SAD 0.69 0.58 0.63 0.63 0.47 0.53
FEAR 0.58 0.72 0.64 0.49 0.36 0.41
DISGUST 0.64 0.66 0.65 0.36 0.55 0.43
SURPRISE 0.43 0.64 0.51 0.49 0.36 0.41
POSITIVE ENERGY 0.56 0.64 0.59 0.47 0.39 0.42
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including Naive Bayesian (NB), Random Forest (RF), 
K-Nearest Neighbor (KNN) and Logistic Regression 
(LR; Keshmiri et al., 2020).

The third step is emotional intensity model training. 
The fine-grained sentiment lexicon and the four ML 
algorithms were imported to conduct model training of 
different sentiment categories in the training set. At the 
same time, the manual labeling text data of emotional 
intensity were used as the criterion to analyze the accu-
racy of the ML model. It turned out that, on the whole, 
the precision rate, recall rate and F1-score of the RF 
algorithm were the best with the default parameter value 
among these algorithms. The original performances are 
summarized in Table 3.

The fourth step is algorithm hyperparameter tuning 
and prediction operation. After comparing different ML 

algorithms, the RF showed the highest algorithm perfor-
mance in the task of emotional intensity classification. 
Therefore, the RF algorithm was selected as the predic-
tion algorithm. Meanwhile, to provide optimal predic-
tion performances, hyperparameter tuning technology 
was performed with the GridSearchCV estimator. The 
range of GridSearchCV estimator were set as follows: 
"N_estimators": range (50, 200, 10), "max_depth": range 
(2, 10, 2), "max_features": range (3, 11, 2), "min_sam-
ples_leaf": range (10, 100, 10). The results showed that 
the optimized RF had better algorithm performance after 
hyperparameter tuning. And the optimal parameters were 
n_estimators = 80, max_depth = 6, max_features = 7, 
min_samples_leaf = 30, random_state = 10. The perfor-
mances after hyperparameter tuning are also shown in 
Table 3.

Table 3  Emotional intensity 
model performance measures

NB refers to Naive Bayesian algorithm, RF refers to Random Forest algorithm, KNN refers to K-Nearest 
Neighbor algorithm, and LR refers to Logistic Regression algorithm

Category Algorithm Original performances After hyperparameter tuning

Precision Recall F1 Precision Recall F1

HAPPY NB 0.67 0.68 0.67 - - -
RF 0.89 0.89 0.89 0.90 0.89 0.89
KNN 0.64 0.64 0.63 - - -
LR 0.84 0.84 0.84 - - -

ANGER NB 0.64 0.62 0.62 - - -
RF 0.87 0.87 0.87 0.87 0.88 0.87
KNN 0.56 0.56 0.55 - - -
LR 0.83 0.84 0.84 - - -

SAD NB 0.63 0.61 0.62 - - -
RF 0.84 0.83 0.84 0.85 0.84 0.84
KNN 0.59 0.59 0.59 - - -
LR 0.79 0.79 0.79 - - -

FEAR NB 0.68 0.62 0.62 - - -
RF 0.89 0.90 0.89 0.90 0.91 0.91
KNN 0.59 0.58 0.58 - - -
LR 0.82 0.81 0.82 - - -

DISGUST NB 0.68 0.67 0.67 - - -
RF 0.88 0.88 0.88 0.89 0.88 0.89
KNN 0.56 0.55 0.55 - - -
LR 0.80 0.79 0.79 - - -

SURPRISE NB 0.68 0.66 0.66 - - -
RF 0.86 0.87 0.86 0.87 0.87 0.87
KNN 0.56 0.55 0.55 - - -
LR 0.81 0.81 0.81 - - -

POSITIVE ENERGY NB 0.74 0.73 0.73 - - -
RF 0.88 0.87 0.88 0.89 0.87 0.88
KNN 0.63 0.62 0.62 - - -
LR 0.81 0.82 0.81 - - -
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The application of Weibo fine‑grained 
sentiment lexicon and emotional intensity 
models

In this research, the Weibo fine-grained sentiment lexi-
con and the emotional intensity model were constructed. 
To demonstrate possible application scenarios of these 
tools, taking COVID-19 as a case, the lexicon and inten-
sity models were imported to text analysis on the emo-
tional expression of netizens.

Research method

This study explored the emotional expression charac-
teristics of Weibo netizens during the COVID-19 pan-
demic through the following three steps. First, acquire 
the original Weibo texts during the COVID-19 pandemic. 
Referring to the description of the COVID-19 pandemic 
in Mainland China in the white paper " Fighting COVID-
19: China in Action" (The State Council Information 
Office of China, 2020), we set the time period in our 
study as from December 27, 2019, to April 13, 2020. 
Subsequently, we obtained a total of 1,808,671 original 
Weibo texts with keywords, such as "COVID-19 pan-
demic" and "new crown pneumonia". The data search 
strategy terms were presented in Appendix Table 7. And 
we used the text preprocessing method for data cleaning 
and word segmenting (in “The construction of original 
Weibo corpus” section). Finally, a total of 1,706,941 
Weibo texts were used.

Secondly, the Weibo fine-grained sentiment lexicon 
and emotional intensity models were used to analyze the 
characteristics of netizens' emotional expressions. The 
Weibo fine-grained sentiment lexicon was imported to 
distinguish the sentiment categories of all Weibo texts. 
At the same time, the emotion intensity model was called 
to predict the intensity in different emotion categories. 
Subsequently, we contrasted the emotional expression 

of netizens on the same emotional intensity during the 
COVID-19 pandemic. To achieve this, this study used the 
emotional intensity of each emotion category on the day 
as "The total scores of Weibo texts on a certain emotion 
of this day divided by the total number of Weibo texts on 
this day" (Ye et al., 2016). Furthermore, we took 24 h 
as the time unit and made the trend graph of emotional 
intensity over time.

Finally, the influence of social events on emotional 
expression during the COVID-19 pandemic was analyzed. 
Based on the inflection point of the emotional expression 
in the trend graph, we explored the impact of social events 
that occurred during the COVID-19 pandemic on the 
emotional expression of netizens. In this study, an inde-
pendent sample T-test was performed on the emotional 
intensity scores of the day before and after each inflec-
tion point corresponding to the social event. Meanwhile, 
to determine which emotion is dominant after the social 
event occurred, a 2 × 3 (time * emotions) multivariate 
analysis of variance (MANOVA) was conducted.

Research results

The overall emotional expression of netizens 
during the COVID‑19 pandemic

This study loaded the Weibo fine-grained sentiment lexi-
con for sentiment analysis. The results showed that Weibo 
texts with sentiment accounted for 52.46%, and among them, 
HAPPY emotion accounted for 20.41%, ANGRY  emotion 
accounted for 10.59%, SAD emotion accounted for 13.63%, 
FEAR emotion accounted for 23.46%, DISGUST emo-
tion accounted for 20.70%, SURPRISE emotion accounted 
for 4.34%, and POSITIVE ENERGY  emotion accounted 
for 40.97%. In addition, Weibo texts without sentiment 
accounted for 47.54%.

The emotional intensity of ANGRY  was the high-
est (3.50 ± 1.38), followed by SAD (3.39 ± 1.53) and 

Table 4  Descriptive statistics of sentiment category and intensity

Category Sentiment category statistics Emotional intensity level statistics (n)

Counts Proportion (%) Level 1 Level 2 Level 3 Level 4 Level 5 M ± SD

HAPPY 182,815 20.41 43,024 29,134 18,040 54,779 37,838 3.08 ± 1.49
ANGRY 94,787 10.59 11,805 12,430 17,777 21,739 31,035 3.50 ± 1.38
SAD 122,144 13.63 22,077 13,794 28,991 9,136 48,147 3.39 ± 1.53
FEAR 210,102 23.46 11,635 40,477 79,053 42,892 36,045 3.24 ± 1.12
DISGUST 185,406 20.7 30,672 14,254 79,982 36,910 23,588 3.05 ± 1.20
SURPRISE 38,936 4.34 4,573 12,230 8,790 11,011 2,332 2.85 ± 1.13
POSITIVE ENERGY 366,872 40.97 10,196 30,245 184,361 91,803 50,267 3.39 ± 0.92
With Sentiment 895,505 52.46 - - - - - -
Without Sentiment 811,436 47.54 - - - - - -
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POSITIVE ENERGY  (3.39 ± 0.92), and the intensity of 
SURPRISE was the lowest (2.85 ± 1.13). In addition, the 
intensity of HAPPY (3.08 ± 1.49), FEAR (3.24 ± 1.12), 
and DISGUST (3.05 ± 1.20) was at the medium level. The 
specific analysis results are shown in Table 4.

The overall trends of netizens' emotional expression 
during the COVID‑19 pandemic

Taking 24 h as the time unit, the overall trends of the emo-
tional expression were analyzed. It turned out that the inten-
sity of HAPPY in the early stage of the COVID-19 pan-
demic was the highest among various emotions. However, 
with the spread of the COVID-19 pandemic, the intensity 
of HAPPY had dropped sharply since January 19, 2020, and 
it had maintained a relatively stable low level. In addition, 
the intensity of POSITIVE ENERGY  which represents hope, 
belief, and admiration had shown a clear growth trend since 
January 19, 2020, and had maintained a relatively high level 
ever since. The intensity of SAD remained relatively stable 
throughout the COVID-19, but there was a clear peak of 
SAD around April 4, 2020. The intensity of SURPRISE and 
ANGRY  was at a relatively low level from December 27, 
2019, to April 13, 2020. Furthermore, the intensity of DIS-
GUST was at a moderate level throughout the pandemic. The 
specific trends of emotional intensity are shown in Fig. 1.

The impact of key social events on emotional expression

With reference to the white paper "Fighting COVID-19: 
China in Action", we selected two Turning Points events dur-
ing the COVID-19 pandemic as the important nodes, which 
including critical events in the stage of "Swift Response to 
the Public Health Emergency" and "Initial Victory in a Criti-
cal Battle" (The State Council Information Office of China, 
2020). The first node event was that "The NHC assembled 
a high-level national team of senior medical and disease 
control experts, and the team determined that the new 
coronavirus was spreading between humans", which took 
place on January 19, 2020 (Fig. 1). The second event was 
that "A nationwide ceremony was held on the traditional 
Tomb-sweeping Day to pay tribute to all those who had 
given their lives in fighting Covid-19, and others who had 
died of the novel coronavirus", which took place on April 
4, 2020 (Fig. 1). By analyzing the changes in the emotional 
expression of Weibo users before and after these events, we 
explored the impact of the key "Turning Points" events dur-
ing the COVID-19 pandemic on Weibo users’ emotional 
expression.

First, we analyzed Event 1 (January 19, 2020). The 
independent-sample t-test results showed that the emo-
tional intensity of FEAR, ANGRY  and POSITIVE ENERGY  
were significantly different before and after Event 1 

Fig. 1  The trend graph of emotional intensity regarding the COVID-
19 pandemic from December 27, 2019, to April 13, 2020. The values 
on the vertical axis reflect the level of emotional intensity. (A) Node 

event in the stage of "Swift Response to the Public Health Emer-
gency" on January 19, 2020; (B) Node event in the stage of "Initial 
Victory in a Critical Battle" on April 4, 2020
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(tFEAR = -2.982, PFEAR < 0.01; tANGER = -2.516, PANGER < 0.05; 
tPOSITIVE ENERGY  = -4.330, PPOSITIVE ENERGY  < 0.001). However, 
other emotion categories did not reach the significance level 
(Ps > 0.05), and specific results of Even 1 are presented in 
Table 5.

The results of MANOVA showed that the compari-
son of the emotional intensity of FEAR and POSITIVE 
ENERGY  had no significant interaction with time point 
[F (1, 31,284) = 0.150, P = 0.699], which proves that there 

is no significant difference in the amount of change over 
time. However, the pairwise comparison of the emotional 
intensity increments between these two emotions (FEAR 
and POSITIVE ENERGY ) and the remaining five emotions 
has significant interaction with the time point (Ps < 0.001). 
The detailed results are presented in Table 6. The results 
of Event 1 indicate that emotional intensity levels of the 
FEAR and POSITIVE ENERGY  are significantly different 
from the other five emotions over time. At the same time, 

Table 5  Results of difference in emotional intensity of node events

*  p < 0.05, ** p < 0.01, *** p < 0.001

Category Time point Event 1 Event 2

Count Mean score SD t Count Mean score SD t

ANGRY Before 1419 0.28 0.90 -2.52* 3785 0.31 0.91 -1.02
After 2608 0.36 1.03 8520 0.32 0.92

DISGUST Before 1419 0.74 1.48 -0.15 3785 0.82 1.65 -0.67
After 2608 0.81 1.53 8520 0.84 1.66

FEAR Before 1419 1.21 1.69 -2.98** 3785 0.46 1.08 -3.87***

After 2608 1.38 1.74 8520 0.54 1.14
HAPPY Before 1419 0.75 1.64 0.51 3785 0.72 1.58 -0.79

After 2608 0.73 1.50 8520 0.74 1.56
SAD Before 1419 0.37 1.22 -1.14 3785 0.91 1.69 -11.57***

After 2608 0.42 1.29 8520 1.31 1.88
SURPRISE Before 1419 0.10 0.54 1.30 3785 0.19 0.78 2.93**

After 2608 0.08 0.49 8520 0.15 0.69
POSITIVE ENERGY Before 1419 1.12 1.58 -4.33*** 3785 1.70 1.89 -3.77***

After 2608 1.35 1.69 8520 1.83 1.88

Table 6  Pairwise interaction 
between emotions and time 
point of node events

Node events Interaction term Comparison of emotions F p

Event 1 Emotions × Time Point
(With FEAR as a contrast)

FEAR vs. ANGRY 85.638  < 0.001
FEAR vs. DISGUST 31.369  < 0.001
FEAR vs. HAPPY 52.982  < 0.001
FEAR vs. SAD 82.472  < 0.001
FEAR vs. SURPRISE 157.979  < 0.001
FEAR vs. POSITIVE ENERGY 0.150 0.699

Emotions × Time Point
(With POSITIVE ENERGY  

as a contrast)

POSITIVE ENERGY vs. ANGRY 459.223  < 0.001
POSITIVE ENERGY vs. DISGUST 38.793  < 0.001
POSITIVE ENERGY vs. FEAR 0.162 0.687
POSITIVE ENERGY vs. HAPPY 63.586  < 0.001
POSITIVE ENERGY vs. SAD 97.005  < 0.001
POSITIVE ENERGY vs. SURPRISE 181.628  < 0.001

Event 2 Emotions × Time Point
(With SAD as a contrast)

SAD vs. ANGRY 68.415 0.000
SAD vs. DISGUST 67.232  < 0.001
SAD vs. FEAR 46.935  < 0.001
SAD vs. HAPPY 66.289  < 0.001
SAD vs. SURPRISE 92.578  < 0.001
SAD vs. POSITIVE ENERGY 31.537  < 0.001
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after the occurrence of "the high-level national team deter-
mined that the new coronavirus was spreading between 
humans", the emotional increments of FEAR and POSI-
TIVE ENERGY  of Weibo users are higher than the emo-
tional increments of other emotions.

Second, the analysis of the Event 2 (April 4, 2020). The 
independent-sample t-test results of the Weibo text data 
before and after Event 2 show that the emotional intensity of 
FEAR, SAD and POSITIVE ENERGY  increased significantly 
(tFEAR = -3.871, tSAD = -11.570, tPOSITIVE ENERGY  = -3.767, 
Ps < 0.001), and the emotional intensity of SURPRISE 
reduced significantly (t = 1.962, P < 0.01). Furthermore, 
the independent sample t-tests of other emotional intensity 
did not reach the significance level (Ps > 0.05), and specific 
results of Event 2 are presented in Table 5.

The results of MANOVA showed that the comparison 
of the emotional intensity increments of SAD and other 
emotional intensity had a significant interaction with 
time points, and specific results of Event 2 are shown in 
Table 6. The results indicate that the emotional intensity 
of the SAD was significantly different from the other six 
emotions over time. At the same time, after the occur-
rence of "the nationwide ceremony was held on the tradi-
tional Tomb-sweeping Day", the emotional increments of 
Weibo users' SAD were higher than the emotional incre-
ments of other emotions.

General discussion

Discussion of research tools

This study aims to investigate the emotional expression 
characteristics of netizens during the COVID-19 pandemic, 
and analyze the positive energy expression in Chinese social 
media platforms. To achieve these objectives, we built a fine-
grained sentiment lexicon and Weibo text emotional inten-
sity models that are suitable for the Chinese online network 
language environment.

After the test of performance indicators, we found 
that the self-built research tools could comprehensively 
investigate the emotional expression characteristics of 
netizens. Our study also provided a new perspective 
on the individual psychological dynamic analysis by 
applying the standardizing work processes in the ML 
field. We acknowledged the fact that most of the lexi-
cons constructed by previous studies have shortcomings, 
such as the polarization of emotional classification and 
excessive negative emotional categories, which is why 
their results may have difficulty covering the positive 
emotional expression in the Chinese online language 

environment. In order to investigate the emotional 
expression characteristics of netizens, especially in the 
context of the pandemic, this research innovatively incor-
porated the POSITIVE ENERGY  emotional category. And 
after examination, it was found that Chinese netizens do 
express more positive energy emotion on social media 
platforms.

Additionally, this study further constructed an ML 
multi-classification model that is suitable for analyz-
ing emotional intensity. This emotional intensity model 
(Based on the RF algorithm) had better precision scores, 
recall scores and F1 scores of the Weibo netizens' emo-
tional intensity prediction model under different emo-
tion categories. After applying the model, we found that 
the intensity of positive energy expression among most 
netizens in China continued to maintain a high level dur-
ing the COVID-19 outbreak. Consistent with previous 
studies (Naslund et al., 2020; Ostic et al., 2021; Ranieri 
et al., 2021), our study also evidenced salient findings 
that increased use of online social media can effectively 
promote positive psychological state and positive emo-
tional expression.

Furthermore, it is difficult to get a complete result by 
using emotional dictionaries or intensity models alone 
if we need to analyze the characteristics of Weibo users' 
emotional expressions. Bandhakavi et al. (2021) pointed 
out that when studying emotion expression, researchers 
should consider not only the categories of emotion but 
also the intensity of emotion. Given that previous stud-
ies have rarely considered the categories and intensi-
ties of emotions in a comprehensive manner, this study 
addresses this shortcoming by constructing two research 
tools for measuring netizens' emotional expression with 
high reliability and validity for the domestic study of 
Chinese text analysis.

Discussion on netizens' emotional expression 
during the COVID‑19 pandemic

According to the emotional expression results, we graphed 
the trend of emotional expression as shown in Fig. 1. Spe-
cifically, we classified the sentiment of 1,706,941 original 
Weibo texts during the COVID-19 pandemic. The results 
show that posts with emotion accounted for 52.46% and 
without emotion accounted for 47.54%, which is consist-
ent with the previous studies (Raghupathi et al., 2020; 
Zeng & Zhu, 2019). In the subsequent analysis process, 
only the emotional texts were analyzed. Below, we illus-
trated the impact of the pandemic on the netizens' emo-
tional expression from the overall trend and the trend 
before and after key node events.
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The overall trend of netizens' emotional expression 
during the COVID‑19 pandemic

From the time course of emotional expression, we found 
that before the COVID-19 outbreak, a large variety of 
texts in which netizens shared their lives and emotional 
states existed on social media platforms, with the con-
tent of these emotional texts varies from person to per-
son. Therefore, there might be irregular fluctuations in 
each category of emotions. However, around January 
19, 2020, there was a key emotional expression turning 
point. The emotional category that had changed most 
obviously was HAPPY. Since the time node of January 
19, HAPPY emotion had shown a clear downward trend 
and maintained at a relatively low level. For the Chinese 
people, January 19 should be an extremely festive day, as 
it was the last week before the Chinese Lunar New Year 
(Chinese Spring Festival), when all Chinese people lived 
in a festive atmosphere. However, after the news of the 
"high-level national team of senior medical and disease 
control experts determined that the new coronavirus was 
spreading between humans" was broadcast, the joy of all 
Chinese citizens ended abruptly.

It is noteworthy that after January 19, POSITIVE 
ENERGY  emotion increased rapidly, reached a peak 
on January 24, and maintained a high level throughout 
the COVID-19 pandemic. This phenomenon might be 
correlated to China's rapid and effective pandemic pre-
vention and control measures. Starting from January 
24, 346 national medical teams and a large number of 
medical staff from various provinces had been mobilized 
to urgently assist Wuhan, Hubei province (The State 
Council Information Office of China, 2020). When the 
public believed that the pandemic was preventable and 
controllable, they had more confidence in overcoming 
the pandemic, which might lead to the highest POSI-
TIVE ENERGY  emotional expressed by netizens (Twenge 
& Joiner, 2020). Soon, the negative emotions that were 
common at the beginning of the COVID-19 pandemic 
gradually decreased, and positive emotions (i.e., hope, 
confidence, encouragement) of netizens gradually 
increased (Twenge & Joiner, 2020).

Judging from the overall characteristics of different 
emotional expressions, the intensity of expression of 
SURPRISE was relatively low and stable among various 
emotions during the COVID-19 outbreak stage and the 
pandemic prevention and control stage, which is con-
sistent with previous studies (Medford et al., 2020). Ye 
et al. (2020) used text analysis technology to investigate 
the emotional level of netizens towards COVID-19, and 
found that when faced with negative life events, neti-
zens' expression of surprise emotions will be at a sta-
ble low level. Surprise is an emotion that individuals 

might feel only something unexpected happens right 
next to themselves (Aslam et al., 2020). Since all Chi-
nese nationals were asked or required to accept the home 
quarantine order, which curbed the continuous spread of 
the pandemic, the coronavirus did not directly appear in 
the immediate surrounding of most Chinese individu-
als, explaining the common low level of surprise among 
domestic individuals. Min et al. (2021) used ML to inves-
tigate the emotional responses of Twitter users during the 
COVID-19 pandemic, reaching the same conclusion that 
the trajectory of surprise did not show significant relative 
changes and maintained at a low level. The results of this 
study also further illustrated that the individuals' surprise 
emotion might be difficult to be affected by persistent 
negative life events (King et al., 2008).

Based on pandemic critical nodes to analyze netizens' 
various emotional expressions

Except for the SURPRISE emotion, we found that the 
overall trend of other emotions was not obvious. There-
fore, we analyzed other emotion categories and found 
that after the specific key node event occurred, the emo-
tional expression of netizens had shown an obvious turn-
ing point. Based on the results of the multivariate analy-
sis of variance, we further analyzed the node events that 
have sentiment inflection points.

Specifically, after the occurrence of Event 1, the 
expression intensity of FEAR, POSITIVE ENERGY , and 
ANGRY  of Weibo users increased significantly. In terms 
of FEAR emotion, before the news of "human-to-human 
transmission was confirmed", the information related to 
COVID-19 that the public knew was "pneumonia patients 
of unknown cause in Wuhan" (December 27, 2019) and 
"no clear evidence of human-to-human transmission" 
(January 14, 2020). Therefore, these news messages 
might not have impact on people's living conditions and 
increased their FEAR. However, for the public, after the 
official announcement of "human-to-human transmis-
sion of new crown pneumonia" from NHC of China, the 
novel coronavirus pneumonia turned uncontrollable. 
Due to the sudden and unpredictable nature of public 
health emergencies, the public started to feel powerless 
to do anything about the development of the pandemic. 
They might also have been unable to adapt to the sud-
den changes in their living environment, which could 
cause tension, fear and other negative emotions, with the 
FEAR emotion in potential domination (Cawcutt et al., 
2020; Manzar et al., 2021). In brief, the FEAR emotion 
increased significantly after the emergence of "human-
to-human transmission of new coronary pneumonia", a 
result consistent with the previous research results of 
Dubey et al. (2020) and Xue et al. (2020).
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The intensity of the ANGRY  emotion expressed by 
netizens also increased after Event 1. This might be due 
to the lack of corresponding authoritative information 
dissemination channels in the early stages, and it was 
difficult for the public to obtain correct information on 
related events (Jost et al., 2018). Especially for sudden 
public health events like the COVID-19 pandemic, the 
public knew little about it, and they could only learn 
about the pandemic through online information. How-
ever, the uneven information on the Internet will make 
the public confused about the dynamics of the pandemic 
(Majeed et al., 2020). In particular, the widespread use 
of the infodemic on the Internet had further reduced the 
public's access to reliable information (Medford et al., 
2020). Therefore, after the news of the "human-to-human 
transmission was confirmed", netizens will accuse the 
relevant departments of the untimely release of informa-
tion and explode with angry expressions.

Fortunately, the active response measures of relevant 
departments might lead to a significant increase in POS-
ITIVE ENERGY . After the COVID-19 pandemic was 
confirmed, all social sectors extended a helping hand. 
A steady stream of aid materials began to be collected 
immediately, and the public began active self-rescue 
actions (Li et al., 2020). Non-governmental assistance 
had also been continuously delivered to Wuhan. Such a 
move has greatly strengthened the public confidence in 
the fight against the pandemic. Na et al. (2021) pointed 
out that collectivism can be used as a social defense 
against the COVID-19 pandemic. China is a typical col-
lectivist country with a high sense of mutual assistance 
among the nationals. Collectivism means a tightly con-
nected framework in which members are interdepend-
ent and expected to care for each other in exchange for 
unconditional loyalty (Messner & Payson, 2021). Pre-
vious studies have shown that collectivism can buffer 
the high degree of uncertainty and stress caused by the 
spread of infectious diseases (Kim et al., 2016). Thus, 
the positive effects of collectivism might be ultimately 
reflected in the fact that the public showed a high level 
of positive energy emotional expression for COVID-19.

Further analysis of Event 2 found that, around April 
4, 2020, the emotions of SAD, POSITIVE ENERGY  and 
FEAR had increased significantly. MANOVA analysis 
found that the increase of SAD was higher than other 
emotions. April 4, 2020, was the traditional Chinese 
Tomb-sweeping Day, a day of sorrow and remembrance. 
A nationwide ceremony was held on that day to pay 
tribute to all those who had given their lives in fighting 
COVID-19, and others who had died of the novel coro-
navirus (Xinhua News Agency, 2020). On social media 
platforms, there were lots of condolences for those who 

fought against the pandemic and compatriots who died. 
At the same time, the medium publicity has increased 
the channels for users to contact the mourning activi-
ties (Medford et al., 2020). This kind of nostalgia for the 
martyrs fighting the pandemic had aroused the resonance 
of all citizens. Previous studies have pointed out that the 
SAD emotion is an emotional response caused by loss 
(Raghunathan & Corfman, 2004). Under the COVID-
19 pandemic, all citizens might be facing a situation of 
loss. Whether it was family bereavement or the change 
of living environment, the emotional expression of SAD 
might be further aggravated. In addition, the increase of 
POSITIVE ENERGY  was essentially public confidence in 
the future of the country and nation. It was the selfless 
dedication and sacrifice of domestic anti-pandemic heroes 
that brought about the initial victory in the prevention 
and control of the COVID-19 pandemic and the safety of 
public lives and property. This kind of national self-con-
fidence might lead to the increase of POSITIVE ENERGY .

In general, different types of events may trigger differ-
ent emotions among netizens. Previous studies had shown 
that emotions are situational (Deng et al., 2020). In the 
face of specific life events, it was easy to induce emotions 
that were consistent with the situation (Deng et al., 2020). 
Social events that occurred during the pandemic itself 
carry certain emotional information, so netizens were 
more likely to have emotions consistent with the context 
of the event. However, what we should pay attention to is 
the emotional expression of POSITIVE ENERGY .

Limitation

There exist several shortcomings in this study. First of 
all, this study chose a semi-automatic method to build 
the fine-grained sentiment lexicon and supervised ML to 
analyze emotional intensity. Both of these two methods 
rely on manual labeling, and subjective bias may exist 
inevitably. Future research can be conducted in explo-
ration of automated lexicon construction methods and 
unsupervised ML methods. Secondly, although this study 
includes the positive energy category, the construction of 
the positive emotion theory is not sufficient. Subsequent 
research should fully consider the expression of emotions 
under the Chinese cultural background, and construct 
a more comprehensive and complete theory of emotion 
classification. Finally, our research may face the chal-
lenge of ecological validity. Even though the dataset was 
collected from one of the most popular social media plat-
forms in China, there were still problems such as insuf-
ficient population coverage, which make the results hard 
to generalize to more linguistically diverse environments.
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Consent to publish All individual participants have consented to the 
publication of their data.
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