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At present, social media have become the main media of network public

opinion (PO) dissemination. By analyzing the trend of emotional development

in public emergencies, we can explore the evolution law of PO and identify

potential risks, which provide decision support for the guidance and control

of government management. First, based on the concept of critical points in

the complex system, this study established a public sentiment (PS) evolution

model under public emergencies and proposed an algorithm to identify

the critical points in PS based on microblog data analysis. In addition, the

BC-BIRCH algorithm was used to construct a topic clustering model for

public emergencies, which improved the e�ect of topic discovery by merging

multiple topic clusters. The evolution of public emergencies was analyzed

by calculating the emotional heat value of di�erent topic events. Finally,

experimental results showed that the emotion of netizens’ fluctuates greatly in

the initial stage of PO under di�erent themes. The method used in this paper

achieved good results in topic clustering, critical point prediction, and PO

evolution analysis of public emergencies. The main contribution of this paper

is to analyze the evolution of the internal mechanism of PS and to identify and

predict key nodes such as the outbreak and extinction of netizens’ sentiment

based on data-driven methods so as to provide the basis and support to the

government and related media as the main body of prevention and control to

respond in advance and guide in time.

KEYWORDS
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Introduction

With the rapid development of social media, especially social information, the

original public opinion (PO) of the single and linear networks has gradually developed

to show more characteristics, such as wide source, complex content, fast spread, and

diverse forms. Similarly, the real-time characteristics of the network ensure the timeliness

of data collection and access, while its dynamic nature provides a theoretical basis for

dynamic PO monitoring (Zhang and Chen, 2021). The rapid development of natural

language processing and artificial intelligence (AI) technologies makes technological

implementation for the discovery of online PO feasible.
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At present, China’s network equipment is rapidly

popularized among more user groups, and network security

and network PO become the key regulatory objects of

government agencies and also aim to improve the quality

of network public relation management services. Therefore,

how to reasonably use the massive PO data on the internet

in combination with a relevant text analysis technology to

control PO is an inevitable problem for government agencies

in public relation management services (The 13th Five Year

Plan for the Construction of National Emergency Response

System). As an important PO field and the PO center of many

social events, the microblog has attracted the attention of

governments at all levels and has increasingly become the

main position of network PO governance. The essence of the

microblog is a node sharing instant information network,

which has the characteristics of instantaneity and sharing. The

dynamic information dissemination network composed of the

microblog is a dynamic development (Ma, 2022). Research on

the social objectives of emergency management in case of major

emergencies mainly focuses on the field of PO governance,

among which emotion recognition is a hot spot (Zeng and Li,

2022). Accurate and effective identification of public sentiment

(PS) is conducive for government departments to grasp the

dynamics of PO and to formulate guidance strategies. However,

there are still shortcomings in research on the governance of

POs in public emergencies. In terms of prediction methods,

many scholars developed semantic recognition and algorithms

and optimized prediction methods, such as probability graphic

pattern (Rui et al., 2017), deep rolling (Rong et al., 2019),

damped oscillator model (Dong et al., 2020), and other newly

developed models to predict PS, to achieve good prediction

results, and to improve the prediction efficiency from different

angles and levels. However, existing research on emotion

prediction using machine learning algorithms only focuses

on data performance or overemphasizes these algorithms.

Meanwhile, most PS data obtained by existing research come

from the network text, and many adverbs expressing emotional

intensity are often ignored, which cannot truly reflect the

change of PS. Indeed, the public in different regions have

different emotional expression due to the difference in risk

perceptions. Text and network information analysis, user

behavior prediction, and other models can better explore the

potential scale of network PO data and more accurately predict

the emotional changes of users on PO topics so that relevant

institutions can more effectively monitor the topic trend of

network PO and correctly guide users to regulate their behavior

on the network. Indeed, the public in different regions have

different emotional expressions due to the difference in risk

perception (Zeng et al., 2022).

In public emergencies, it is important to understand how

to analyze the evolution of the internal mechanism of PS and

to identify and predict the outbreak and decline of netizens’

emotions based on data-driven method, to provide the basis

and support for the government and relevant media as the main

body of prevention and control to respond in advance and guide

in time. Therefore, based on the concept of critical points in

complex systems, this study combined the critical transition

theories in the field of complex systems and established a PS

evolution model under public emergencies, which analyzes the

evolution and development stages of PS in public emergencies

through the microblog text data.

Literature review

Emotional analysis

For some people, the expression of a variety of views

is also the phenomenon of diversity. Everyone’s expression

differ in certain ways, and these differences are a result of

different life experiences, different family environments, and

diverse educational backgrounds. Emotional analysis on Twitter

has achieved some progress and research results. Ruz et al.

(2020) proposed a Bayesian factor measurement method and

conducted experiments on two Spanish data sets. The results

showed that, in comparison with the support vector machine

and random forest, the Bayesian factor measurement method

can solve emotional analysis problems (Ruz et al., 2020).

Hassan conducted an automatedweb recycling through RStudio,

collecting data on cryptocurrency tweets, extracting emotional

states from users through machine learning methods, and

explaining the social impact of the cryptocurrency phenomenon

(Hassan et al., 2022). Jiang et al. (2013) optimized the algorithm

by extracting more structural features based on the two-

level classification structure of the emotional hierarchy. In

the microblog emotional classification method, a two-step

classification method is adopted, where the first step of the

method is to filter the text content to screen out the emotional

text, and then, the filtered text is classified into positive and

negative emotions, and the classification accuracy can reach

60.1% (Jiang et al., 2013).

Machine learning on social media platforms to study user

sentiment prediction research has been a major concern. For

example, based on emotional analysis technology, scholars

analyzed microblogs of local governments in the USA, studied

the relationship between factors such as microblog intonation

and citizen participation, established a prediction model of

factors that influence the response rate of microblogs, tested a

large number of facts, and found that specific emoticons can

increase the possibility of answering, while tags negatively affect

the response rate (Haro-de-Rosario et al., 2018). Some studies

also found that, when dealing with disaster events, extracting

the emotions of Twitter users can help emergency personnel

to form a stronger situation awareness of the disaster area

itself (Saputri et al., 2018). However, with the rapid growth

in the volume of data and the increasing complexity of social

network structures, traditional machine learning algorithms,

such as logistic regression and Bayesian network of support
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vector machine, are facing challenges of model performance

degradation and poor robustness (Wu et al., 2020). These

methods are very effective for the test data set, but not for the

source data.

PS under public emergencies

Emotional analysis and topic mining are combined to study

network PO more comprehensively. Wu et al. (2021) proposed

a Latent Dirichlet Allocation (LDA) short-text clustering

algorithm based on the cooccurrence of emotional words and

the feature extraction of knowledge pair to mine the distribution

and connection of topics and emotions in comments. Among

them, the cooccurrence of emotional words fully considers

different short articles. Short microblog articles are endowed

with emotional polarity. The knowledge pairs of topic-specific

words and topic-related words are extracted and inserted into

the LDA model for clustering (Wu et al., 2021). Gu et al. (2022)

proposed amultisource domain transfer discriminant dictionary

learning model to improve the effect of emotion recognition.

This model can achieve fast clustering of microblog topics and

quantitative calculation of emotional intensity (Gu et al., 2022).

Fang et al. constructed the Gated Fully Fusion for network

populism (GFF-NP) model to analyze and predict the evolution

of netizens’ opinions in internet populist events. Based on this,

a creative expression based on populism is proposed to enhance

group persuasion (Fang et al., 2019).

Most of the current research analyzes PS from the

perspective of emergency, but a few studies on the evolution

mechanism and development stage of PS itself. In addition,

many scholars pay too much attention to the public panic mood

but do not study the change of the topic content in the whole life

cycle of PO events and analyze the emotional attitude and trend

of netizens’. Meanwhile, in a few literature studies on emotional

evolution, qualitative analysis is mostly used, and there is no

determined theoretical basis.

PS evolution model under public
emergencies

Stage division

This paper explored the critical transition of netizens’

panic mood under public emergencies based on the emotion

expressed by netizens’ in social media. In social media, online

communication of public emergencies belongs to the category of

PO evolution analysis. Therefore, we can use the life cycle model

of PO evolution and the evolutionary cycle model of public

emergencies to explain the critical transition phenomenon of

netizens’ emotions.

First, the four-stage life cycle model (Ren, K. et al.,

2019) was used to explain the critical transition of netizens’

emotions under public emergencies. According to the temporal

characteristics of the events, the evolution of netizens’ emotions

FIGURE 1

Evolution stage of public emergencies (Ren, K. et al., 2019).
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FIGURE 2

The critical transition of public sentiment (PS).

was compared with the development of public emergencies, and

the characteristics of netizens’ emotions with the development

of public emergencies were analyzed, as shown in Figure 1.

The incubation period for netizens’ emotions occurs after

the public emergency begins to occur, when there is uncertainty

about the nature, impact, and harm of the event, and when

the public is unaware of the event. Therefore, bad emotions

will gradually arise. However, due to the fact that the event

is not widely known at this time, only a few netizens’ on

social media who are in the influence range of the event

express relevant views, opinions, and comments. Therefore, the

representation of netizens’ emotion in the incubation period is

very small.

However, with the rapid development of the incidence and

the increase in the severity of public emergencies, information

about them spread rapidly on social media, and more netizens’

began to express their attitudes and spread information. As

not only netizens’ at the center of the incident but also those

from other regions participate in the discussion of the incident,

the overall panic of the netizens’ starts to rise sharply into

an outbreak of panic. The main reason for the beginning

of netizens’ emotional outbreak stage is that, due to the

rapid outbreak of public emergencies, their wide spread makes

netizens’ emotional polarity (Ren, Z. et al., 2019). If the event

itself does not break out quickly, then netizens’ emotions will

not enter the outbreak period and will gradually subside during

the incubation period.

With the implementation of the government’s prevention

and control measures, the development of public emergencies

began to slow down, the heat of online PO decreased, and

PS began to decline through the highest point. Meanwhile,

the increase in positive media reports reduced the uncertainty

of information and rumors, and the public’s understanding

of the event was more accurate, where netizens’ emotion was

continuously reduced and began to enter the stage of emotional

abatement. However, since the event is not completely over,

some rumors or secondary events may spread on social media,

so the panic mood may have certain volatility.

As shown in Figure 2, the development of public

emergencies provides a stage for the critical change of

netizens’ emotions. The PO information in the social media

environment provides the evolution of netizens’ emotions, while

the critical transformation characteristics of the system provide

the criticality. Therefore, the evolution of netizens’ emotions in

the context of social media under public emergencies has the

characteristics of stage, evolution, and criticality.
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The identification of emotional critical
points

According to the concept of critical points in a complex

system (Truong et al., 2020), the concept of critical points can

be expressed as follows when identifying the critical transition of

time-series data: a token for time-series data of the system state

x = {xt}
T
t=1, some sets of time points τ =

{
t1, t2, t3, . . . , tk

}

cause state changes in the sequence data at these positions

and the time corresponding to these moments is called the

critical point.

In a netizen emotion time series x = {x1, x2, . . . , xT}, the

sequence x is assumed to be piecewise stationary, which means

that some properties of the process change at some unknown

time tk. It can be generally used to calculate the critical points

and the actual data of the critical point of difference in addition

to the sample for evaluation, namely, ∀k,
∣∣̂tk − tk

∗
∣∣ /T. When

the number of samples T is infinite, the error of the critical point

identification algorithm should be wirelessly close to 0 so as to

satisfy asymptotic consistency.

We are not aware of the actual critical point of netizens’

emotion under public emergencies, the possible optimal

segmentation τ∗, namely, the set of critical points, must

be obtained by minimizing the quantitative criterion

V(τ , x) (Truong et al., 2018).

V(τ , x) : =

K∑

k=0

c
(
xtk·tk+1

)
(1)

Among them, c(.) is a loss function, which lies in the degree

sequence of quantum xtktk+1
= {xt}

tk+1
tk

on behalf of the

goodness-of-fit of a specific model. The optimal split τ∗ is the

set of optimal critical points for the minimum of the criterion

V(τ ). Depending on whether we know in advance the number

of critical points k∗. When the number of critical points is

unknown, the critical point identification problem is to solve the

following discrete optimization problem:

min
τ

∑
V(τ )+ pen(τ ) (2)

where pen(τ ) is used to measure a proper division of the

complexity of τ , namely, the penalty term.

Loss function c(.) is a measure of equilibrium. If after-

segmentation subsequence xba = {xt}
t=b
t=a is homogeneous,

which means that it does not contain any critical points, then

c
(
xta·tb

)
should be smaller; if the child signal xba = {xt}

t=b
t=a is

heterogeneous, it means that it contains one or more critical

points, then c
(
xta·tb

)
should be larger. Model drift, which is in

response to changes in the statistical properties of the predictor

variables, is adopted to prevent model training failures caused

by changes in the underlying variables. For example, patterns

in the data change due to seasonality. The loss function can be

calculated as follows:

c
∑ (

xa,b
)
= (b− a)logdet

∧∑

a.b

+

b∑

t=a+1

(
xt − x̄a,b

)′ −1∑

a.b

(
xt − x̄a.b

)
(3)

Among them,
∑∧

a.b is the empirical covariance matrix of

the subsequence.

Emotion analysis model based on
topic clustering

The topic discovery model based on the topic model

combined with the hierarchical clustering algorithm is a fusion

of the LDA algorithm and the BC-BIRCH algorithm. The topic

model framework of PO in themicroblog for public emergencies

is shown in Figure 3.

Calculation of emotional intensity

First, for the sentence that contains emotion, we divided it

into two parts. When the emotional words were found, it was

checked whether there were degree adverbs and negative words

before and after the emotional words. At the same time, the

degree level of degree adverbs and the number of negative words

should be considered. Finally, the emotional polarity value of

the microblog text can be obtained by calculating the emotional

polarity of a single sentence (Wu et al., 2021).

Text segmentation is the process of dividing every clause

into single words according to certain rules, which is a

key step in semantic understanding. In this paper, we used

Jieba word segmentation toolkit in Python for Chinese word

segmentation and retreived the data set after the word

segmentation. Stop words refer to the words or words that

have no real meaning for the follow-up work and the theme is

not obvious, such as modal particles and special symbols. The

comprehensive polarity weight of a sentence in the microblog

text is used to judge the role of a single sentence in the

text. The microblog text T is defined as being composed of

several sentences Y , T = {Y1,Y2, . . . ,Yn}, and then the

sentiment value P (Yi) of a single sentence Y1 is calculated

to obtain the sentiment polarity value P(Y) of T from the

sentiment value of a single sentence, as shown in Formulas

(4) and (5):

P (Yi) =
∑

Ywi (4)

P(Y) =
∑

P (Yi) , (5)
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FIGURE 3

The structure of the topic clustering model for public emergencies.

where Yw is the sentiment value of the sentiment wordWi in

a sentence. If P(Y) is >0, it means that the microblog is positive

emotion. If P(Y) is <0, it means that the microblog is a negative

emotion. While if P(Y) is equal to 0, it means that the microblog

is neutral emotion.

Several sentences in the microblog text can be expressed by

five sentence patterns: declarative sentence, rhetorical question,

interrogative sentence, exclamatory sentence, and hypothetical

sentence. Sentence patterns also affect the emotional value of a

single sentence. For example, the emotional attitudes of the same

sentence expressed by declarative and interrogative sentences

are quite different. P1 (Yi) is defined as the sentiment value

of a single sentence in the microblog after considering the

sentence pattern characteristics (Yang, 2020). The sentiment

value calculated by different sentence patterns is shown in

Formulas (6)–(9):

Exclamatory sentence : P1 (Yi) = P (Yi) × (1.5) (6)

Hypothetical sentence : P1 (Yi) = P (Yi) × (−0.2) (7)

Interrogative sentence : P1 (Yi) = P (Yi) × (−0.2)

+ (−0.5) (8)

Rhetorical question : P1 (Yi) = P (Yi) × (−0.6)

+ (−0.5) (9)

Considering that the number of microblog comments will

gradually decrease in the later stage of PO evolution, which

may also lead to large emotional variance, this paper defines the

formula of emotion hot as follows:

D = minmax
(
minmax(M)∗p

)
(10)

In Formula (10), D is emotional heat, M is the number of

comments, and P is the variance of affective propensity. Minmax

is the standardized processing method. By standardizing the

number of comments, we can avoid the problem of large

emotional variance caused by the small number of published

comments and make the two indicators of the number of

comments and the variance of emotional tendency better

perform in the analysis model of emotion evolution.

The BC-BIRCH clustering algorithm

Aiming at the defects of the BIRCH algorithm, the BC-

BIRCH algorithm is proposed. The core idea of the algorithm

is to combine related topics into a cluster as much as possible so

as to reduce the number of clusters and to improve the accuracy

of clustering. The algorithm process is shown in Figure 4.

The BC-BIRCH algorithm is an improvement of the BIRCH

hierarchical clustering algorithm. The BIRCH algorithm has

certain defects, that is, when a new data node needs to be

inserted, the algorithm needs to calculate the distance between

the new node and other leaf nodes, select the cluster with the

shortest distance, and then merge and compare the diameter

of the merged cluster with the threshold. If the diameter of the

merged cluster is greater than the threshold value, the algorithm

can calculate the distance between the new node and other

leaf nodes. The new data point is split into a single cluster. In

addition, the initial threshold value of the diameter threshold is

fixed at the beginning of the algorithm, which can be tuned by

continuous testing. In the process of inserting a new data node,

the node is close to the center of the nearest cluster, but when the

new node is merged with the cluster, the diameter of the merged

node is greater than the threshold, which results in the new data

node separated from the cluster as a single cluster. Finally, data

from similar nodes cannot be combined well and the number of

split clusters is too much, which leads to low clustering accuracy

(Wang and Zhang, 2020).

The steps of BC-BIRCH are as follows:

Step 1. Initialize an empty tree and insert the first sample into

the root node.

Step 2. Calculate the distance between the new sample and

each child node of the node, iterate repeatedly to find the
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FIGURE 4

BC-BIRCH algorithm flow.

cluster with the smallest distance from the new sample, and

continue if the radius is less than the threshold. Otherwise,

the cluster with the shortest distance from the first merged

cluster is found and merged to calculate the radius. If the

radius is less than the threshold, it will be merged. If all the

radiuses after merging are greater than the threshold, it will

be regarded as a single cluster.

Step 3. If the number of CloudFlare (CF) nodes of the current

leaf node is less than the threshold, create a new CF node,

insert the new data, and then put the new CF node into the

leaf node, update all CF nodes in the path, and the insertion

is finished.

Step 4. Otherwise, the current leaf node is divided into two

new leaf nodes. Among all CF tuples in the old leaf node, the

hypersphere distance of any two CF tuples is calculated, and

the two CF tuples with the farthest distance are selected and

put into two new leaf sub-nodes, respectively, to calculate

other tuples and new sample tuples.

Experiment and analysis

Data acquisition

Microblog text data were collected at https://www.sina.com.

cn/. Different keywords such as “COVID-19” and “Epidemic”

were input. Each search result includes 50 pages of data, and each

page has 20microblogs, that is, 1,000 pieces of data. Therefore, in
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FIGURE 5

Comparison of the topic clustering e�ect.

FIGURE 6

The clustering e�ect of di�erent topics.

Frontiers in Ecology andEvolution 08 frontiersin.org

https://doi.org/10.3389/fevo.2022.1026175
https://www.frontiersin.org/journals/ecology-and-evolution
https://www.frontiersin.org


Pi and Feng 10.3389/fevo.2022.1026175

FIGURE 7

Analysis of the evolution trend of PS.

this study, the required time window was segmented to achieve

all relevant microblog content searches. Then, using the web

crawler technology, the Sina API interface was called to crawl

all the microblog contents on the page.

A comparison of the topic clustering
e�ect

In this paper, silhouette coefficient (Si) (Rezanková, 2018)

was used to determine the number of clustering topics. If the

number of clustering topics K is too small, the data itself will

not be separated, which will affect the clustering effect. However,

as the number of topics K increases, the value of Si will become

smaller and smaller, and the clustering effect will become worse

and worse. To verify the effectiveness of clustering results,

the K-means, BIRCH, and BC-BIRCH algorithms used in this

paper were selected for experiments. The comparison results are

shown in Figure 5.

It can be seen from the comparison results that, when the

BC-BIRCH algorithm is selected, and K = 5, Si has an optimal

value, which is 0.55. At the same time, the clustering effect of the

BC-BIRCH algorithm is the best under the same topic number.

Therefore, the number of clustering topics is 5. In addition, the

clustering effect of different topics is shown in Figure 6.

As can be seen from Figure 6, the clustering effect of topics

A and C is better.

Evolution trend of PS

As shown in Figure 7, the emotional fluctuation of netizens’

in the initial stage of PO under different themes is relatively

large, where A–E represent different hot public emergencies.

It is not easy to be affected by people’s emotions. However,

with the passage of time, after the official microblog announced

the processing results, netizens’ emotions gradually tended to

be stable, and their emotions mostly turned from negative

to positive. It can be concluded that each time the official

government media publishes a microblog to explain, it will

stimulate the enthusiasm of netizens’ to participate in the

discussion. In addition, official response behavior plays an

important role in PO communication and is an important

factor to stimulate the development of PO. Different response

contents from official government media may lead to different

PO trends. Therefore, relevant management departments should

focus on the supervision and intervention of PO, and release

authoritative explanations quickly and pertinently so as to

avoid the adverse impact of erroneous and extreme PO

on society.
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FIGURE 8

Critical transition in the evolution of PS.

Analysis of the evolution of PS

As mentioned earlier, topic A (COVID-19 event) with the

best clustering effect was selected to verify the evolution analysis

of PS.

The two critical points identified by this model are the

boundaries, and the overall evolution of netizens’ panic under

the COVID-19 epidemic event during the study period is

divided into three parts. According to the critical transition

diagram in the evolution of PS (Figure 8), it can be seen that the

two critical points divide the evolution of internet users’ panic

emotion under the COVID-19 epidemic event into three parts,

and the overall variance change of internal emotions in each part

is balanced. However, there is a big difference in the mean value

(horizontal line) between all parts (among which the average

value of stage 1 is 58.596, the average value of stage 2 is 782.715,

and the average value of stage 3 is 374.689). It can be seen that,

in the burst phase, the curve changes are more fluctuating and

the jump between the peaks is more significant. Therefore, it can

be concluded that there is a critical change of netizens’ emotion

under public emergencies.

In addition, the location of each critical point represents the

change in the overall emotional state of netizens’, that is, the

occurrence of a critical transition. Critical point 1 represents

the transition of PS from a low level of stable development to

the state of a rapid increase of high outbreak under the new

outbreak. Critical point 2 indicates the transition of netizens’

emotion from a highly explosive and rapid growth state to a

state of medium-level slow development. According to the life

cycle model of netizens’ emotions, we can regard these three

periods as the three stages of netizens’ emotions, namely, the

emotional incubation period, the emotional outbreak period,

and the emotional fluctuation subside period, which is roughly

consistent with the previous stage analysis of netizens’ emotions

during public emergencies.

Figure 9 shows the model prediction results of the critical

transition of PS.

In both positive and negative critical transitions, the

predicted critical point is consistent with the actual critical point,

and the predicted critical point and actual critical point are in the

same position, which can accurately predict the occurrence of

critical transition of netizens’ panic emotion. In addition, it can

be found that, in the reverse phase, the critical point predicted

by the PS evolution model is two-time points ahead of the real

critical point, but it is also close to the original critical point.

Conclusion

Due to the uncertainty and harmfulness of public health

emergencies, they will have a serious impact on public physical

and mental health and on social and economic development.

First, based on the concept of critical points in a complex

system, this paper proposes an algorithm to identify the critical

points of PS based on microblog data analysis. The BC-BIRCH

algorithm is used to cluster the topics of public emergencies

and then the evolution model of PS under public emergencies

is established. The experiment verifies an excellent clustering

effect of the BC-BIRCH algorithm and selects the topic A event

with the best clustering effect to analyze the evolution of PS.

The results show that under this topic, the evolution of PS can

be divided into emotional incubation period, emotional burst
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FIGURE 9

The evolution results of PS.

period, and emotional fluctuation fading period. Meanwhile, the

credibility of official government media has a direct impact on

the emotional polarity of netizens’, which is helpful for relevant

departments to obtain more in-depth information and solutions

in PO events, and to provide suggestions for government

departments in the management and decision-making of PO.

This study provides directions and strategies for the

government and relevant departments to guide PS and manage

emotional emergency. In the whole stage of public health

emergencies, both the government and the media should reduce

the risk and uncertainty of the event and reduce the harm caused

by the public’s emotions to society by suppressing the overall

outbreak of internet users’ emotions or promoting the transition

of internet users’ emotions to the fading period. However, due to

the problem of the time span of the case data, only two critical

points, namely, three evolution stages, were identified, while the

extinction period of the evolution of panic among netizen was

not identified. In the future, data samples with a longer time

span can be selected to identify and analyze all critical points in

the development of events. Therefore, in future research, more

algorithms can be selected for comparison and verification, and

different cases can also be studied experimentally to find the

best model for internet users’ emotion prediction under public

health emergencies.
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