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Abstract—Country image has a profound influence on international relations and economic development. In the worldwide outbreak of

COVID-19, countries and their people display different reactions, resulting in diverse perceived images among foreign public. Therefore,

in this article, we takeChina as a specific and typical case and investigate its imagewith aspect-based sentiment analysis on a large-scale

Twitter dataset. To our knowledge, this is the first study to explore country image in such a fine-grainedway. To perform the analysis, we first

build amanually-labeled Twitter dataset with aspect-level sentiment annotations. Afterward, we conduct the aspect-based sentiment

analysis with BERT to explore the image of China.We discover an overall sentiment change fromnon-negative to negative in the general

public, and explain it with the increasingmentions of negative ideology-related aspects and decreasingmentions of non-negative fact-based

aspects. Further investigations into different groups of Twitter users, including U.S. Congressmembers, Englishmedia, and social bots,

reveal different patterns in their attitudes toward China. This article provides a deeper understanding of the changing image of China in

COVID-19 pandemic. Our research also demonstrates how aspect-based sentiment analysis can be applied in social science researches

to deliver valuable insights.

Index Terms—Country image, aspect-based sentiment analysis, social media

Ç

1 INTRODUCTION

COUNTRY image refers to the public perception of a partic-
ular country, involving the attitudes of several aspects,

such as politics, economy, diplomacy, and culture [1], [2],
[3]. Numerous studies have revealed that country image
plays an important role in international relations [4], [5] and
marketing [6], [7].

The image of a country often changes when global public
events happen, such as warfare, epidemic, and worldwide
sports events [8], [9], [10]. Recently, COVID-19 broke out
over theworld andwas declared as a pandemic by theWorld
Health Organization (WHO).1 By June 21, 2020, more than
8.8 million cases have been reported toWHOwithmore than
465,000 deaths.2 Maintaining livelihood in the epidemic
involves a balance between public safety, economy, and per-
sonal liberty and privacy, as well as all sectors of the society.
To lock down the city or keep the bars open? To recommend

facial masking or tell people the other way? To enforce epi-
demic tracking apps or view the trace of patients as privacy?
These are all questions for governments to answer. Different
answers to these questions have led to different situations of
COVID-19 and greatly affected foreign public perceptions at
the same time. In addition, collective actions taken by the
public also have their influence on a country’s image. There-
fore, we are dedicated to the studying of the influence of
COVID-19 pandemic on country image, which is formulated
as public sentiments toward different aspects of a specific
country in this work (Fig. 1). Owing to its early outbreak and
special role in COVID-19, we regard China as a typical and
special representative and focus on the study of China’s
country image in COVID-19 pandemic.

Most existing works study country image in news media
and view it as a news framing problem of a specific coun-
try [1], [11], [12]. With the great growth of social media,3

such as Facebook, Twitter, and Reddit, country image can be
directly investigated from public expressions. Xiang [2] first
studies China’s image in social media by collecting thou-
sands of tweets posted by social media users as samples and
manually analyzing the topics of the tweets. Afterward, Xiao
et al. [13] adopt machine learning methods to analyze the
aspects and overall sentiments toward China with large-
scale data from Twitter. However, these works ignore the
analysis of aspect-level sentiments, which is important given
the complexity of country image. The analysis of aspect-level
sentiments contributes to a deeper insight into country
image by discovering not only the aspects about which the
public are concerned but also their attitudes toward each of
the aspects. As shown in Fig. 1, users in social media usually
express diverse sentiments toward different aspects of a
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country, such as positive sentiment toward anti-epidemic
measures but negative sentiment toward politics. Besides,
previous studies lack the analysis of diverse user accounts in
social media, such as members of different political parties,
newsmedia, and even non-human social bots, who are likely
to differ in aspect preferences and sentiments about a specific
country.

To address these issues, we focus on fine-grained mining
of country image in COVID-19 pandemic with aspect-based
sentiment analysis for large-scale data in social media. Due
to the absence of aspect-level sentiment dataset of country
image in social media, we manually build a fine-grained
Twitter dataset on China’s country image, in which each
tweet is labeled with the involving aspects and correspond-
ing sentiments.4 As far as we know, this is the first aspect-
level sentiment dataset of country image. Based on the data-
set, we apply BERT [14] to aspect-based sentiment analysis
of country image in a two-stage process with an aspect
detector and a sentiment classifier. Through the aspect-
based sentiment analysis on large-scale tweet data from
diverse users, we obtain many insightful results, with the
following as the most prominent.

� The total discussions on China about COVID-19
decrease over time, while the proportions of ideolog-
ical aspects, namely politics, foreign affairs, and rac-
ism, remain high or even increase inversely.

� The overall sentiment toward China grows negative
over time, with the sentiments of the factual aspects
in COVID-19 pandemic, i.e., epidemic situation and
anti-epidemic measures, are mainly non-negative,
while the sentiments of ideological aspects, such as
politics, foreign affairs, and racism are mainly
negative.

� For the members of the U.S. Congress, both the Dem-
ocratic and the Republican members are concerned
about politics and foreign affairs of China, while for
the Democrats the most mentioned aspect is racism.
As for sentiment, the Republican members are more
negative than the Democratic members. However,
the proportion of negative sentiment of the Demo-
crats has been increasing since April.

� Between the media and the public, the mutual
aspect-level agenda-setting exists in most aspects
with the exceptions of politics and foreign affairs,
while the mutual sentiment-level agenda-setting is
only observed in the sentiment of anti-epidemic
measures. The overall sentiment of media toward
China is mainly non-negative while the negative sen-
timent is non-trivial.

� Compared with the general users, the social bots are
more likely to discuss the politics and the anti-epi-
demic measures, and express more negative senti-
ments in epidemic situation, anti-epidemic measures,
and racism toward China.

2 DATASET

In this section, we will first introduce the COVID-19-related
Twitter dataset and its collection process. Afterward, we
will present the manually labeled aspect-level sentiment
dataset of China’s image in detail.

2.1 COVID-19-Related Twitter Dataset

The COVID-19-related Twitter dataset we utilize is based on
the dataset built by Chen et al. [15], which is collected by
tracking certain COVID-19-related keywords and accounts.
We use the tweets posted from January 22 to May 21, 2020,
with 40 percent sampled each day for our analysis. We keep
the tweets whose language attributes are marked as English
by Twitter API and filter them with a set of China-related
keywords, resulting in 6,598,146 tweets discussing China in
the pandemic. Note that the collection of the original dataset
went down several times, each for some hours, and stopped
for a whole day on February 23.

2.2 Aspect-Level Sentiment Dataset of China’s
Image

In order to conduct a fine-grained analysis of China’s image
in COVID-19 pandemics, we manually build an aspect-level
sentiment dataset of China’s image based on the COVID-19-
related Twitter dataset in Section 2.1.

Specifically, we first sample 10,000 tweets posted from
January 22 to April 23 with the same sample rates kept each
day. Afterward, we annotate each tweet with the involved
aspects and the corresponding sentiments. Based on the
overview of COVID-19-related Twitter dataset, we define
seven different aspect categories, namely politics, economy,
foreign affairs, culture, epidemic situation, anti-epidemic
measures, and racism toward China. Note that each tweet
can be annotated with multiple labels of aspect. The detailed
descriptions of these seven aspects are as follows:

� Politics. This includes judgments over China’s ideol-
ogy, political system, human right status, capabilities
of the government, etc., as well as the relationship
between Chinese Mainland and Hong Kong and
Taiwan.

� Economy. This refers to the impact of COVID-19 on
Chinese economy. For instance, tweets expressing
concern over foreign companies retracting from
China due to the pandemic are related to economy.

Fig. 1. Tweets with diverse sentiments toward different aspects of China.

4. Available here: https://github.com/thunlp/COVID19-CountryImage
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� Foreign affairs. This includes all sorts of foreign affairs
whose practitioner is China, such as COVID-19-
related information opening, foreign aids, conspir-
acy theories, manipulation over the World Health
Organization, etc.

� Culture. This includes culture-related contents that
are involved in the pandemic. Prominent examples
are the myths of Chinese wildlife consumption and
personal hygiene habits of Chinese people.

� Epidemic situation. These tweets reflects the situation
of the epidemic in China, including statistical data,
stories about individuals in the epidemic, etc.

� Anti-epidemic measures. This includes the measures
taken by the Chinese government or Chinese people
in order to contain the virus, be it compulsory or vol-
untary. Travel restrictions, mask wearing, and vac-
cine development all fall into this aspect.

� Racism. This includes those names of COVID-19
virus and epidemic with a racist color, such as
“Wuhan virus.” In addition to that, racist feelings
toward China or Chinese and discussion about this
phenomenon are included as well.

For each of the aspects that appears in a tweet, the senti-
ment is labeled into one of the three classes: negative, neu-
tral, or positive. Besides, the overall sentiment is also
annotated for each tweet into the same three classes if the
tweet is relevant.

The labeling process consists of two phases. In the first
phase, each tweet is labeled by two annotators, who are
required to read a manual providing guidelines and go
through a test before labeling. If the two annotators dis-
agree on any aspect of the tweet, it will enter into the sec-
ond phase of labeling. In the second phase, tweets with
disagreements are assigned to more senior annotators,
who major in journalism and communication and are well
trained before labeling as well. The final labels are deter-
mined if two out of three annotators reach an agreement.
Those tweets without agreements are discarded. The final
aspect-level sentiment dataset of China’s image consists of
8,019 tweets. The detailed statistics of the tweets are
shown in Table 1.

3 ASPECT-BASED SENTIMENT ANALYSIS METHOD

In this section, we will introduce our aspect-based senti-
ment analysis method, which aims to detect the aspects and
classify the corresponding sentiments. First, we will formal-
ize the aspect-based sentiment analysis problem. After-
ward, the basic framework BERT in our method will be
described. Then the details of our two-stage process for
aspect-based sentiment analysis will be discussed. At last,
we will present the performance of our method.

3.1 Problem Formalization

Given the text of a tweet x, we aim to detect the series of
involved aspects a ¼ a1; a2; . . .; an together with the corre-
sponding aspect-level sentiments y ¼ y1; y2; . . .; yn, where n
denotes the number of aspects discussed in the tweet. Note
that the aspect in our method is from a fixed set A defined
in Section 2.2, with the sentiment derived from the set Y .

3.2 Basic Framework With BERT

BERT, Bidirectional Encoder Representations from Trans-
formers, is a language model for pre-training which utilizes
a bidirectional encoder to learn the text representation. It has
been widely used for a variety of downstream tasks, such as
text classification, question answering, natural language
inference [14], [16], [17], [18]. Therefore, we use BERT as our
basic framework to obtain the representations of tweets.

Specifically, in our work, we insert a special [CLS] token
to the beginning of the tweet text x first, then feed the text
with the token into BERT. The output of the [CLS] token can
be viewed as a representation of the whole text. Therefore,
the final hidden state h of [CLS] is extracted as the represen-
tation of the tweet

h ¼ BERTBERTð½CLS; x�Þ:

Note that we learn two representations of each tweet. ha is
used for the aspect detection and hy is for sentiment
classification.

3.3 Two-Stage Process

The whole process of our method breaks down into two
stages, the aspect detection stage and sentiment classifica-
tion stage.

TABLE 1
Statistics of Aspect-Level Sentiment Dataset of China’s Image

Aspects Sent #Tweet-AS Percent #Tweet-A Percent

Politics
Neg 1,080 95:9%

1,126 14:0%Neu 39 3:5%
Pos 7 0:6%

Economy
Neg 65 42:2%

154 1:9%Neu 87 56:5%
Pos 2 1:3%

Foreign
Neg 532 86:2%

617 7:7%Neu 52 8:4%
Pos 33 5:3%

Culture
Neg 97 87:4%

111 1:4%Neu 14 12:6%
Pos 0 0:0%

Situation
Neg 356 30:4%

1,170 14:6%Neu 804 68:7%
Pos 10 0:9%

Measures
Neg 167 22:6%

738 9:2%Neu 378 51:2%
Pos 10 26:1%

Racism
Neg 734 88:4%

830 10:4%Neu 71 8:6%
Pos 25 3:0%

Overall
Neg 2,921 46:7%

6,257 78:0%Neu 3,007 48:1%
Pos 329 5:3%

#Tweet-AS denotes the number of tweets with the specific aspect and sentiment
with #Tweet-A denoting the number of tweets with the specific aspect. Foreign
denotes the aspect of foreign affairs, with Situation and Measures representing
epidemic situation and anti-epidemic measures aspects respectively. Sent is an
abbreviation for Sentiment with Percent for Percentage. Neg, Neu, and Pos
stand for Negative, Neutral, and Positive respectively.
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In the aspect detection stage, the model focuses on detect-
ing the aspect discussed in the tweet, which can be regarded
as a multi-label classification task. Specifically, we view the
tweet representation ha learned from BERT as features and
use a non-linear layer to project it into the target space of
aspect

pa ¼ sðWa � ha þ baÞ;

where sð�Þ is sigmoid non-linearity and pa denotes the prob-
abilities. Note that the dimension of pa is equal to the size of
aspect set jAj. The loss function is further defined in a
binary cross entropy form

La ¼ �
X

ai2A
½tai logðpaiÞ þ ð1� taiÞlogð1� paiÞ�;

where tai and pai stand for the binary target and the predic-
tion of a single aspect ai, respectively. By minimizing the
loss, the model learns to detect the aspects in a tweet.

In the sentiment classification stage, the model aims to
classify the sentiment referring to the specific aspects. We
take a similar approach to the first stage to get the sentiment
distribution py

py ¼ sðWy � hy þ byÞ:

The only difference lies in the loss function

Ly ¼ �
X

yi2y
½tyi logðpyiÞ þ ð1� tyiÞlogð1� pyiÞ�:

The sentiments not in the list y of the specific tweet but in
the set Y are masked in the loss.

During inference, this model first detects the involved
aspects and then classifies the sentiments according to the
detected aspects.

3.4 Performance

To verify the performance of our two-stage BERT-based
model, we conduct experiments on the aspect-level sentiment
dataset of China’s image.

Due to data scarcity shown in Table 1, we discard the
“economy” aspect and the “culture” aspect, which are
unimportant in China’s image in COVID-19 pandemic.
Neutral class and positive class of sentiment are merged on
account of the high imbalance in dataset, resulting in a two-
way sentiment classification, negative or non-negative. We
then split the processed dataset into a training set, a devel-
opment set, and a test set, the sizes of which follow an 8 : 1 :
1 ratio. Besides, to augment our training data, we train an
extra XGBoost [19] model to infer the aspects and the corre-
sponding sentiments of unseen tweets. We sample up to
300 tweets with no less than 90 percent confidence in each
aspect respectively and ask the senior annotators to label
these samples, which are then added to our training dataset.

We compare our BERT-based model with a support vec-
tor machine (SVM) [20] with unigrams as features in both
aspect detection and sentiment classification stage, and
with VADER [21], a lexicon and rule-based sentiment analy-
sis tool specifically tuned for social media texts, in the senti-
ment classification stage. We also compare with a state-
of-the-art model (NLI-M) [16] that solves the problem
jointly without breaking it down into two stages by turning
it into a question answering or natural language inference
problem with an auxiliary sentence.

The performance of our model is shown in Table 2. From
the table we can observe that: (1) Our BERT-based aspect
detection model consistently outperforms SVM model in
every aspect both on Macro F1 and Micro F1 scores. (2) Our
BERT-based sentiment classification model performs better
in most aspects on Macro F1 and Micro F1, compared with
VADER. (3) Our model achieves better performance to the
joint NLI-M model in most aspects, with other aspects simi-
lar. Note that the results in politics aspects are less persua-
sive as the number of non-negative tweets involving politics
in the test set is very limited, although SVM and the joint
model outperform our model on Micro F1.

4 CHINA’S IMAGE IN COVID-19 PANDEMIC

In this section, we will explore the fine-grained China’s
image in COVID-19 pandemic with regard to diverse users

TABLE 2
Comparison of Model Performance

Stages Metrics Models Politics Foreign Situation Measures Racism Overall

Aspect Detection

Macro F1 SVM 0.67 0.58 0.68 0.60 0.66 0.60
Ours 0.76 0.72 0.76 0.73 0.81 0.71

Micro F1 SVM 0.87 0.91 0.85 0.90 0.89 0.74
Ours 0.88 0.92 0.88 0.92 0.93 0.80

Sentiment Classification

Macro F1 VADER 0.28 0.30 0.53 0.54 0.32 0.53
SVM 0.49 0.48 0.68 0.53 0.71 0.68
Ours 0.49 0.85 0.76 0.68 0.72 0.77

Micro F1 VADER 0.44 0.42 0.60 0.68 0.41 0.54
SVM 0.94 0.90 0.73 0.69 0.90 0.68
Ours 0.85 0.95 0.79 0.78 0.88 0.77

Joint

Macro F1 NLI-M 0.57 0.66 0.63 0.49 0.53 0.62
Ours 0.50 0.63 0.68 0.57 0.67 0.63

Micro F1 NLI-M 0.89 0.92 0.86 0.91 0.88 0.64
Ours 0.88 0.91 0.88 0.92 0.92 0.65
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on Twitter, which adopt our aspect-level sentiment analysis
method. First, we will analyze China’s image among gen-
eral public. Afterward, the concerns and attitudes of U.S.
congress members, both the Democratic Party and the
Republican Party, will be discussed toward China. At last,
we will investigate China’s image presented by English
media and social bots on Twitter, and compare them with
the general public.

4.1 Image Among General Public

Before analyzing China’s image, we calculate the daily num-
ber of tweets involving China in COVID-19 pandemic in
Fig. 2. As shown in the figure, we can observe an overall
decline of the China-related numbers after the initial burst in
late-January, as the epidemic gets gradually contained in
China and starts to break out globally. Besides, one peak can
be discovered in early March when the World Health Orga-
nization upgraded the risk of COVID-19 to “very high” and
the U.S. Federal Reserve cut the interest rates by 0.5 percent.

4.1.1 Aspect Distribution

Fig. 3 shows the daily proportion of tweets related to each of
the aspects. Two different types of patterns emerge from the
figure: (1) For those aspects that are closely related to an ideo-
logical dimension, namely politics, foreign affairs, and rac-
ism, their proportions either stay at a relatively high level or
climb up over time. Specifically, the proportions of politics-
related tweets undergo a decrease in late-February, but turn
up again in the middle of March. The proportions of foreign-
affairs-related tweets display relatively stable increases
throughout the span of our dataset, with mid-March as an
accelerating point. For racism, the proportion keeps rising
from early-March to mid-March, followed by decreasing in
late-March while it is consistently higher than that before
mid-March. One of the reasons of the huge change in March
is that the U.S. President Donald Trump used the term
“Chinese Virus” in his tweet5 and triggered rising discus-
sions of racism on Twitter. (2) In the aspects of epidemic situ-
ation and anti-epidemic measures, which are more factual
dimensions of China, the proportions related declined over
the months. One interpretation is that China’s efforts took
effect and the epidemic in China were gradually under

control. Another possible explanation is the English world
was facing increasing hardship in their own countries. Both
of the two reasons shift public attention away from China to
their domestic affairs.

4.1.2 Aspect-Level Sentiment Distribution

Fig. 4 depicts the overall aspect-level sentiment distribution
from January to May among general public. As we can see,
in the aspects related to ideology, including politics, foreign
affairs, and racism, negative tweets are high in quantity
than non-negative ones. However, in the aspects related to
factual affairs, namely epidemic situation and anti-epidemic
measures, non-negative tweets outweigh the negative ones.

Fig. 5 displays the proportions of negative/non-negative
sentiments in each aspect over time. From the Fig. 5f, we
can observe that the overall sentiment turns from a non-
negative-leading pattern into a negative-leading one. From
the other subgraphs of Fig. 5, we can find that the negative

Fig. 2. Number of daily tweets related to China in COVID-19 pandemic.
The number is averaged in 7-days to be smooth.

Fig. 3. Daily proportion of tweets related to each aspect. The lines are
smoothed by taking a 7-day average.

Fig. 4. Overall aspect-level sentiment distribution from January to May
among general public.

5. https://twitter.com/realDonaldTrump/status/
1239685852093169664
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sentiments keep to be the main ones along time on politics,
foreign affairs, and racism aspects, while the non-negative
sentiments take the lead on the epidemic situation and anti-
epidemic measures aspects. Combined with Fig. 3, we can
explain the overall sentiment change, where overall non-
negative sentiments dip as the proportions of epidemic situ-
ation and anti-epidemic measures drop, and overall nega-
tive attitudes rise as the proportion of politics, foreign
affairs, and racism aspects turn up.

4.2 Image Among U.S. Congress Members

In addition to the public, we are particularly interested in
the voices from the two major political parties of the United
States, the Democratic Party and the Republican Party. Clas-
sical communication paradigm tends to view the mass com-
munication process as an opinion flow that originates from
the government to the public with media and opinion lead-
ers in between [22]. It is without doubt that a closer look at
where the opinions originate from would be valuable for
our purpose. Therefore, in this section, we explore the
aspects and sentiments of the tweets from the U.S. Congress
members.

4.2.1 Tweet Collection for Congress Members

For the members of the U.S. Congress, we are only inter-
ested in those who are affiliated with the two major parties.
We search names of the congress members on Twitter to
locate their accounts. Some of them have multiple Twitter
accounts for different purposes. We include all accounts
related. This results in 78 Democratic senator accounts, 102
Republican senator accounts, 415 Democratic representative
accounts, and 350 Republican representative accounts. We

collect their tweets posted during the desired time span
with the Python package GetOldTweets3. To find those
tweets related to both the pandemic and China, we follow
the same way the original dataset is collected and filtered.
After that, we apply our aspect-based sentiment analysis
model to the tweets of interest.

4.2.2 Aspect Preferences of the Two Parties

We first look at the aspect preferences of the congress mem-
bers from the two parties. It can be concluded from Table 3
that both Democratic and Republican congress members
take Chinese politics and foreign affairs as their top agen-
das. But for democrats, racism is even a more salient aspect
than the two above. In terms of quantity, Republican con-
gress members tweet much more on China in COVID-19
than their Democratic counterparts.

By taking a closer look at the chronological tendencies of
aspect mentions, as in Fig. 6, we find that racism regularly
appears in Democrats’ agendas, but only greatly rise in
March for Republicans, when it becomes a controversial
topic. In addition, Republicans show a sharp growth in their
mentions of Chinese politics and foreign affairs, as is the case
with the public. However, unlike the public, the U.S. politi-
cians do not show a great interest in the epidemic situation

Fig. 5. Daily proportions of negative/non-negative sentiments in each
aspect. The lines are smoothed by taking a 7-day average.

TABLE 3
Mentions of Each Aspect in Tweets of the Congress

Members From the Two Parties

Democratic Proportion Republican Proportion

Politics 17 11:4% 538 42:6%
Foreign 16 10:7% 545 43:1%
Situation 1 0:7% 29 2:3%
Measures 2 1:3% 25 1:2%
Racism 21 14:1% 67 5:3%

Fig. 6. Daily tweet number of each aspect posted by congress members
of the two major political parties in the United States. The lines were
smoothed with 7-day average.
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and anti-epidemic measures of China even at the beginning
of the time span.

4.2.3 Sentiments of the Two Parties

Heterogeneity also emerges when we look at the sentiments
of tweets from the two parties, as shown in Fig. 7. For demo-
crats, the non-negative sentiment is mostly above the nega-
tive, but starts to occasionally give way to the negative since
mid-April. For republicans, the negative sentiment is almost
always stronger than non-negative. The comparison between
the two parties, to some degree, display the polarization.

Polarization arises in the nature of the western democra-
cies where multiple parties compete with each other for
votes and has been observed in many studies [23], [24], [25].
Our analysis confirms this polarity in the case of China-
related issues during COVID-19 pandemic. For Republicans,
it may be an effective way to blame the domestic damage of
the epidemic on China. Meanwhile, democrats appears to be
more neutral or even positive when it comes to China since
they are not in charge of theWhite House.

Despite the polarity of their sentiments toward China,
since Republicans have been dominating the voice from the
congress on Twitter, the overall sentiment from the congress
has been mostly negative on the social media platform. The
growing negative sentiment toward China is in line with
what we have seen in the public.

4.3 Image in English Media

Media is believed to have a great power of shaping people’s
mind about the outside world [26]. That explains why, tradi-
tionally, country image studies are conducted by analyzing
the contents of newsmedia [27]. Assuming the tweets posted
by media can summarize their perspectives in their regular
channels, we investigate China’s image in the English media
by analyzing their tweets.

4.3.1 Tweet Collection for English Media

U.S. and U.K. media are unarguably dominant in the English
media world due to their roles in the two waves of globaliza-
tion. Sincewe are only concerned about the portrayal of China
in English, we hand-pick four U.S. media accounts and five
U.K. media accounts to include into our analysis. For the U.S.
media,we chooseABC (@ABC),NewYork Times (@nytimes),
Washington Post (@washingtonpost), andWall Street Journal
(@WSJ). For their U.K. counterparts, BBC Breaking News
(@BBCBreaking), BBC News (World) (@BBCWorld), The
Guardian (@guardian), Financial Times (@FinancialTimes),
and Sky News (@SkyNews) are chosen. The accounts chosen
are those related to our analysis and enjoy highest numbers
of followers in their countries.6,7 We intend to include Fox
News (@FoxNews) since it is also one of the most followed
media Twitter accounts in the U.S. However, it only posts
hyperlinks leading to their website without texts in their
tweets and regularly deletes old tweets, making it infeasible
to analysis. We use GetOldTweets3 to fetch the tweets posted
from January 22 to May 21 by these accounts in the same way
as the tweet collection for congressmembers.

4.3.2 Aspect Preferences in Media Tweets

We first explore which of the aspects are of the most interest
in the media. From Table 4, we find that both country’s
media pay more attention to the epidemic situation and
anti-epidemic measures in China.

We further investigate the dynamics of the media’s aspect
preferences in Fig. 8. As the epidemic gets gradually con-
tained in China, we observe a decline in themedia’s reporting
of Chinese epidemic situation. Coverage of anti-epidemic
measures decreases over time in U.S. media as well. A grow-
ing proportion of foreign affairs coverage in U.K. media can
be discovered since April. These tendencies are in line with
whatwe observed in the case of general Twitter users.

4.3.3 Sentiments in Media Tweets

From Fig. 9, we see that for both U.S. and U.K. media, non-
negative sentiments are the majority of the sentiments in their
news reporting. However, as the non-negative reporting
shrinks in number, the negative tweet counts stay stable, lead-
ing to an increase in the proportion of negative coverage. This
is alarming as news professionalism requires objectivity and
neutrality, which is not whatwe see in their China reporting.

Fig. 7. Daily sentiment tweet count of congress members of the two
major political parties in the United States. The lines are smoothed by
taking a 7-day average.

TABLE 4
Aspect Distribution of U.S. and U.K. Media

U.S. media Proportion U.K. media Proportion

Politics 182 9:6% 130 7:2%
Foreign 124 6:6% 126 7:0%
Situation 355 18:8% 303 16:8%
Measures 320 16:9% 224 12:4%
Racism 62 3:3% 77 4:3%

6. https://www.socialbakers.com/statistics/twitter/profiles/
united-states/media

7. https://www.socialbakers.com/statistics/twitter/profiles/
united-kingdom/media
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4.3.4 Agenda-Setting Between the Media

and the Public

As we have seen previously, the media’s aspect preferences
share some common characteristics with the public’s. This
drives us to think about the relationship between news
reporting and the public’s attention.

Agenda-setting is one of the most well-known theories in
the field of communication. First identified in the 1968 U.S.
Presidential election, the theory predicts that the media
has the power to decide what the audience think about [28].
Since then, numerous studies have tested the theory in

different political, social, and cultural environments [29]
and even broadens its meaning by stating that the media not
only decides what we think about, but also decides how we
think of them [30]. These two levels of agenda-setting are
called object agenda-setting and attribute agenda-setting,
respectively.

The advent of social media has greatly transformed the
way people receive information as well as how they shape
their understanding of the world. Agenda-setting still exists
in social media, but occurs in both directions [31]. In other
words, the media is still setting the audience’s agenda, but
the audience is also setting that of the media. However, the
study only investigates U.S. domestic affairs, which is
largely different from the case in our research. Therefore,
we test how agenda-setting functions in COVID-19 pan-
demic on Twitter. This is crucial to understanding how
country image is constructed. Despite the fact that our
research is conducted on a social media platform, the role of
media cannot be neglected in the shaping of country image
and it is of interest to understand how traditional media
and users of social media interact with each other, shaping
another country’s image together.

We employ Granger causality tests [32] to capture this
bidirectional agenda-setting effect on Twitter quantitatively.
Granger causality tests are a type of hypothesis tests that
determine if a time series is useful for forecasting another. It
has been successfully applied to agenda-setting researches
on Twitter [33]. We perform the test on each of the aspects
and the aspect-level sentiments, which corresponds to the
object agenda-setting and attribute agenda-setting, respec-
tively. In this study, we only test in U.S. media because they
are presumably more influential than the British counter-
parts in the English Twitter world.

Tables 5 and 6 show the results of Granger causality test.
From Table 5, we can find that the public is successful in set-
ting the media’s agendas in all six aspects. In comparison,
the media fails to set the public’s agenda in Chinese politics
and Chinese foreign affairs. We interpret the common pat-
terns shared by these ideology-related aspects as a result of
the current prevalence of populism in the West [34]. From
Table 6, we discover that the agenda-setting effects disap-
pear for many aspects when it comes to sentiment trans-
feral. Only in the aspect of anti-epidemic measures do we
observe a bidirectional agenda-setting effect that happens
for both negative and non-negative sentiments. To make a
conclusion, the public and the media still share a mutual

Fig. 8. Daily aspect tweet count of media. The lines are smoothed by tak-
ing a 7-day average.

Fig. 9. Daily sentiment tweet count of media. The lines are smoothed by
taking a 7-day average.

TABLE 5
Results of Granger Causality Test Between U.S. Media’s

and the Public’s Tweet Aspects

Media to Public Public to Media

F p F p

Politics 0.0079 0.9295 15.0626 0.0002
Foreign 0.5521 0.4590 2.8275 0.0954
Situation 9.9615 0.0020 17.1948 0.0001
Measures 20.5558 0.0000 6.7392 0.0107
Racism 4.7412 0.0315 8.6160 0.0040
Overall 10.3483 0.0017 11.6368 0.0009

We restrict the causality lag to one day. The greater the F statistic is, the
smaller the p-value, the more significant the effect is.
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flow of object agendas, but when it comes to sentiment, that
is attribute agendas, a gap lies between them.

These findings help reach a deeper understanding of
how the image of China is constructed in English Twitter
world. The public tends to retrieve factual knowledge from
the media about the epidemic in China and, in return,
decides what the media reports in both ideological and fac-
tual dimensions. Meanwhile, the media’s and the public’s
opinions toward the aspects of China do not persuade each
other, but rather form their own opinions about certain
things, except in the aspect of anti-epidemic measures. This
also justifies the necessity of our study, which investigates
country image directly from the public’s opinion rather
than merely from the reporting of the media.

4.4 Image Among Social Bots

Social bots on Twitter have long been an important topic in
social media research as they are known to “spread spam”,
“illicitly make money”, or “try to influence conversations”
on Twitter [35]. Previous studies reveal that social bots are
more likely to post politics-related contents when it comes
to China [36]. How do bots behave in COVID-19? In this sec-
tion, we offer a series of analysis to answer that question.

4.4.1 Bot Identification

Before analyzing the bots’ behaviors, we identify bots with
Botometer [37]. Botometer is an online Twitter bot detection
service that has been widely used in studies to identify
social bots [38], [39], and [36]. We sample 120,000 users who
have posted tweets about China in the epidemic from our
dataset. By testing them with Botometer, we identify 4,902
(4.09 percent) bot accounts. It should be noted that 4,388

accounts in the sample are set to “protected”. Thus we are
unable to judge whether they are bots or not.

4.4.2 Aspect Preference Comparison Between Bots

and General Users

We first investigate bots’ aspect preferences by comparing
the percentages of different aspects discussed by bots with
those of general users. As shown in Table 7, social bots are
more likely to post about Chinese politics and its measures
against the epidemic than general Twitter users, according
to t-tests.

4.4.3 Sentiment Comparison Between Bots and

General Users

Next, we compare the sentiments of each aspect between
bots and general users. We also perform t-tests to discover
the aspects that bots have significantly different sentiment
polarities from general users. As in Table 8, social bots are
more negative than general Twitter users in terms of epi-
demic situation, anti-epidemic measures, racism, and over-
all polarity.

5 RELATED WORK

In this section, we will introduce two sides of related work,
country image, and aspect-based sentiment analysis.

5.1 Country Image

Country image is an issue that has been widely studied in
social sciences. Here, we will focus on three major topics,
the theories behind country image studies, the image of

TABLE 6
Results of Granger Causality Test Between U.S. Media’s and the Public’s Tweet Sentiments

Negative Non-negative

Media to Public Public to Media Media to Public Public to Media

F p F p F p F p

Politics 0.0084 0.9271 15.0701 0.0002 0.0000 1.0000 / /
Foreign 1.8808 0.1729 2.2860 0.1333 1.0317 0.3119 0.0475 0.8279
Situation 0.5799 0.4479 1.6537 0.2010 8.4914 0.0043 13.2386 0.0004
Measures 8.1264 0.0052 3.5360 0.0626 15.6475 0.0001 6.8720 0.0001
Racism 16.1912 0.0001 33.9915 0.0000 0.7258 0.3960 1.7166 0.1927
Overall 1.2132 0.2730 0.7809 0.3787 6.8352 0.0101 13.2908 0.0004

We restrict the causality lag to one day. The greater the F statistic is, the smaller the p-value, the more significant the effect is.

TABLE 7
Comparison Between Percentages of Bot Tweets and General

User Tweets Associating With Different Aspects

Bots General users Difference

Politics 0.270 0.173 0.098 ���
Foreign 0.119 0.116 0.003
Situation 0.126 0.128 �0.002
Measures 0.121 0.115 0.007 �
Racism 0.132 0.134 �0.002

� ; �� ; and ��� indicate p < 0:05, p < 0:01, and p < 0:001, respectively.

TABLE 8
Comparison Between Bots’ and General Users’

Sentiments in Each Aspect

Bot mean General user mean Difference

Politics 1.000 1.000 �0.000
Foreign 1.120 1.127 �0.007
Situation 1.673 1.697 �0.024 �
Measures 1.759 1.792 �0.033 ���
Racism 1.055 1.183 �0.128 ���
Overall 1.461 1.498 �0.038 ���

We assume negative ¼ 1 and non-negative ¼ 2 when computing the mean.�; �� ; and ��� indicate p < 0:05, p < 0:01, and p < 0:001, respectively.
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China, and the relationship between epidemics and country
image.

Traditionally, inquiries into country image are mainly
done by analyzing the media’s portrayal of the country.
One reason is that the reportings of media are believed to be
a representation of the world. Another reason is the framing
theory, which believes that people share a mental structure
that helps them make sense of the world, and, at the same
time, the media leverages this structure to provide news sto-
ries to their audience [40].

As for China, Liss [41] and Peng [1] are among the first to
explore its image in American media since the new century.
Afterward, Zhang [42] studies China’s image in British
newspapers. To summarize their researches, since China’s
adoption of the Reform and Opening-up strategy and
China’s relationship with the world grows tighter, western
media has been paying more coverage to China-related con-
tents and displays a diversity of dimensions in China, as
opposed to the “Red China” stereotype. However, as the
overall national power of China grows, “China threat” is
also gaining popularity [43].

The advent of social media has provided the convenience
of measuring public opinions directly. As mentioned in
Section 1, Xiang [2] was among the first to explore China’s
image on social media. Social media users showed an even
more diverse perspective when posting about China than
traditional media. However, they are still repeating the ster-
eotypes of China’s political system and ideology. Later study
uses more sophisticated computational methods to explore
the topics and sentiments expressed on Twitter and finds
that politics is still themost discussed topic about China [13].

Next, we will discuss the relationship between epidemics
and country image. On the one hand, the way a government
handles such situations may have a direct influence on its
country image, as suggested by Lin [9]. On the other hand,
the naming of a new disease may also carry judgments over
a country and have influence on those who are exposed to
these namings. Vigsø [44] analyzes the different unofficial
names of A(H1N1), such as “Mexican Flu”, “Swine Flu”,
“Novel Flu”, and reaches the conclusion that “naming is
framing”. Schein et al. [45] also studies the naming of this
disease, and argues that inappropriate naming of the dis-
ease can lead to racism and xenophobia.

Therefore, our study analyzes China’s country image in
COVID-19 pandemic with Twitter data since it is both typ-
ical and special, and prone to change. In addition, none of
the studies mentioned above conducts an aspect-level sen-
timent analysis. To our best knowledge, this is the first
study that looks into country image in such a fine-grained
manner.

5.2 Aspect-Based Sentiment Analysis

Aspect-based sentiment analysis (ABSA) attempts to ana-
lyze the sentiments of a text on different aspects of an object.
It has long been studied and has developed into several var-
iations. Two main categories are the one where the aspects
are expected to appear in the text and the one where they
are classes instead of terms.

For the first category where the aspect terms are in the
text, many researchers have applied the deep neural network
to this task because of its strong ability in representation

learning. Fan et al. [46] introduce a multi-grained attention
network that captures the interaction between aspect and
context. Sun et al. [47] use a convolution over the dependency
tree. Chen andQian [48] employ capsule network to incorpo-
rate document-level knowledge. In addition to these works
where aspects are predefined words, He et al. [49] design a
message passing architecture that enables the model to
extract the aspects from text and detect the sentiment simul-
taneously. Xu et al. [50] first employ BERT to solve the prob-
lem. Different from them, in our study, the aspect terms may
not appear in the text, which falls into the second category
of ABSA.

In the second category, the aspects are fixed classes.
Brun et al. [51] and Mohammad et al. [52] adopt traditional
feature-engineering based methods to solve this variation
of ABSA. These methods can be met with obstacles dealing
with tweets, which may include grammar and spelling
errors [53], as well as complex social constructs. As men-
tioned before, pretrained language models such as BERT
has achieved state-of-the-art performance in many down-
stream tasks. Sun et al. [16] utilize BERT and convert it into
a sentence-pair classification task, which achieves state-of-
the-art performance. Inspired from them, we apply BERT
to learn the text representation and propose a two-stage
model to detect the aspect and classify the sentiment,
respectively, which achieves better performance in the
exploration of country image as shown in Table 2. Apart
from these, a series of studies [54], [55], [56] go further to
extract multiple targets before analyzing their aspect-level
sentiments, known as targeted aspect-based sentiment
analysis (TABSA), while we focus on the investigation of
China’s image in this study.

6 CONCLUSION AND FUTURE WORK

In this study, we examine China’s image in COVID-19 pan-
demic on the aspect level with data from Twitter. The image
among several different groups of Twitter users, namely the
public, the U.S. Congress members, the English media, and
social bots on Twitter are investigated by analyzing their
aspect preference and sentiment distributions. What’s more,
by identifying the chronological causality between the public
and themedia, we further discover how the country image is
constructed and find that the public perception of China
shapes and is shaped by the news coverage of China at the
same time. This study also demonstrates how aspect-based
sentiment analysis can be applied in social science studies,
with the study of country image as a case.

For future works, we will continue to explore the images
of other countries as well as the implications of country
image in international communication and foreign relations
during the pandemic and in the post-COVID-19 world. We
will also explore more sophisticated aspect-based sentiment
analysis methods as well as create larger labeled datasets to
achieve better performance and more convincing results.

ACKNOWLEDGMENTS

This work was supported by the National Social Science
Foundation of China under Grant 13&ZD190. Huimin Chen
and Zeyu Zhu equally contributed to this work.

90 IEEE TRANSACTIONS ON BIG DATA, VOL. 7, NO. 1, JANUARY-MARCH 2021



REFERENCES

[1] Z. Peng, “Representation of China: An across time analysis of cov-
erage in the New York Times and Los Angeles Times,” Asian J.
Commun., vol. 14, no. 1, pp. 53–67, 2004.

[2] D. Xiang, “China’s image on international English language social
media,” J. Int. Commun., vol. 19, no. 2, pp. 252–271, 2013.

[3] H. Seo, “Online social relations and country reputation,” Int. J.
Commun., vol. 7, pp. 1–20, 2013.

[4] J. Wang, “Managing national reputation and international rela-
tions in the global era: Public diplomacy revisited,” Public Rela-
tions Rev., vol. 32, no. 2, pp. 91–96, 2006.

[5] A. Buhmann and D. Ingenhoff, “Advancing the country image
construct from a public relations perspective: From model to
measurement,” J. Commun. Manage., vol. 19, no. 1, pp. 62–80, 2015.

[6] I. D. Nebenzahl and E. D. Jaffe, “Measuring the joint effect of
brand and country image in consumer evaluation of global
products,” Int. Marketing Rev., vol. 13, no. 4, pp. 5–22, 1996.

[7] M. Laroche, N. Papadopoulos, L. A. Heslop, andM. Mourali, “The
influence of country image structure on consumer evaluations of
foreign products,” Int. Marketing Rev., vol. 22, no. 1, pp. 96–115,
2005.

[8] J. Diamond, Guns, Germs, and Steel: A Short History of Every for the
Last 13,000 Years. New York, NY, USA: RandomHouse, 2013.

[9] C.-J. Lin, “A textual analysis of the coverage of SARS and the
image of China - A comparative analysis,” Asian Soc. Sci., vol. 8,
no. 3, 2012, Art. no. 49.

[10] G. Gripsrud, E. B. Nes, and U. H. Olsson, “Effects of hosting a
mega-sport event on country image,” Event Manage., vol. 14, no. 3,
pp. 193–204, 2010.

[11] N. Saleem, “US media framing of foreign countries image: An ana-
lytical perspective,” Can. J. Media Stud., vol. 2, no. 1, pp. 130–162,
2007.

[12] X. Wang and G. Han, ““Made in China” and national image: A
content analysis of 30 years’ coverage in American mainstream
media,” Chin. J. Journalism Commun., vol. 9, pp. 49–55, 2010.

[13] M. Xiao and H. Yi, “Topic and sentiment analysis of China’s
image on Twitter,” Int. Commun., vol. 3, pp. 61–63, 2017.

[14] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-
training of deep bidirectional transformers for language under-
standing,” in Proc. Conf. North Amer. Chapter Assoc. Comput. Lin-
guistics: Hum. Lang. Technol., 2019, pp. 4171–4186.

[15] E. Chen, K. Lerman, and E. Ferrara, “Tracking social media dis-
course about the COVID-19 pandemic: Development of a public
coronavirus Twitter data set,” JMIR Public Health Surveillance,
vol. 6, no. 2, 2020, Art. no. e19273.

[16] C. Sun, L. Huang, and X. Qiu, “Utilizing BERT for aspect-based
sentiment analysis via constructing auxiliary sentence,” in Proc.
Conf. North Amer. Chapter Assoc. Comput. Linguistics: Hum. Lang.
Technol., 2019, pp. 380–385.

[17] Q. Qin, W. Hu, and B. Liu, “Feature projection for improved text
classification,” in Proc. 58th Annu. Meeting Assoc. Comput. Linguis-
tics, 2020, pp. 8161–8171.

[18] W. Yang et al., “End-to-end open-domain question answering with
BERTserini,” in Proc. Conf. North Amer. Chapter Assoc. Comput. Lin-
guistics (Demonstrations), 2019, pp. 72–77.

[19] T. Chen and C. Guestrin, “XGBoost: A scalable tree boosting sys-
tem,” in Proc. 22nd ACM SIGKDD Int. Conf. Knowl. Discov. Data
Mining, 2016, pp. 785–794.

[20] C. Cortes and V. Vapnik, “Support-vector networks,” Mach.
Learn., vol. 20, no. 3, pp. 273–297, 1995.

[21] C. J. Hutto and E. Gilbert, “VADER: A parsimonious rule-based
model for sentiment analysis of social media text,” in Proc. 8th Int.
AAAI Conf. Weblogs Soc. Media, 2014, pp. 216–225.

[22] P. F. Lazarsfeld, B. Berelson, and H. Gaudet, The People’s Choice.
Oxford, England: Duell, Sloan & Pearce, 1944.

[23] S. M. Theriault, Party Polarization in Congress. Cambridge, U.K.:
Cambridge Univ. Press, Aug. 2008.

[24] L. C. Dodd and S. Schraufnagel, “Congress and the polarity para-
dox: Party polarization, member incivility and enactment of land-
mark legislation, 1891–1994,” Congr. Presidency, vol. 39, no. 2,
pp. 109–132, May 2012.

[25] S. Hirano, “Primary elections and partisan polarization in the U.S.
congress,”Quart. J. Political Sci., vol. 5, pp. 169–191, 2010.

[26] W. Lippmann, Public Opinion. Abingdon, U.K.: Routledge, 1946.
[27] J. T.McNelly and F. Izcaray, “International news exposure and images

of nations,” JournalismQuart., vol. 63, no. 3, pp. 546–553, Sep. 1986.

[28] M. McCombs and D. Shaw, “The agenda-setting function of mass
media,” Public Opinion Quart., vol. 36, no. 2, pp. 176–187, 1972.

[29] A. Shi and P. Wang, “Agenda-setting theory in the last 50 years:
Origins, development and prospects for the future,” Journalism
Commun., vol. 10, pp. 13–28, 2017.

[30] R. Coleman, M. McCombs, D. Shaw, and D. Weaver, “Agenda
setting,” in The Handbook of Journalism Studies. Abingdon, U.K.:
Routledge, 2009, pp. 147–160.

[31] W. R. Neuman, L. Guggenheim, S. M. Jang, and S. Y. Bae, “The
dynamics of public attention: Agenda-setting theory meets big
data,” J. Commun., vol. 64, no. 2, pp. 193–214, 2014.

[32] C. J. W. Granger, “Investigating causal relations by econometric
models and cross-spectral methods,” Econometrica, vol. 37, no. 3,
pp. 424–438, 1969.

[33] C. Vargo and L. Guo, “Networks, big data, and intermedia agenda
setting: An analysis of traditional, partisan, and emerging online
U.S. news,” Journalism Mass Commun. Quart., vol. 94, no. 4,
pp. 1031–1055, 2017.

[34] S. Engesser, N. Ernst, F. Esser, and F. B€uchel, “Populism and
social media: How politicians spread a fragmented ideology,” Inf.
Commun. Soc., vol. 20, no. 8, pp. 1109–1126, Aug. 2017.

[35] V. Subrahmanian et al., “The DARPA Twitter bot challenge,” Com-
puter, vol. 49, no. 6, pp. 38–46, Jun. 2016.

[36] W. Shi and C. Chen, “Distribution and interaction patterns: How
social bots manipulate the Chinese-related issues on Twitter,”
Chin. J. Journalism Commun., vol. 42, no. 05, pp. 61–80, 2020.

[37] C. A. Davis, O. Varol, E. Ferrara, A. Flammini, and F. Menczer,
“BotOrNot: A system to evaluate social bots,” in Proc. 25th Int.
Conf. Companion World Wide Web, 2016, pp. 273–274.

[38] M. Dusmanu, E. Cabrio, and S. Villata, “Argument mining on
Twitter: Arguments, facts and sources,” in Proc. Conf. Empir. Meth-
ods Natural Lang. Process., 2017, pp. 2317–2322.

[39] C. Shao, G. L. Ciampaglia, O. Varol, K.-C. Yang, A. Flammini, and
F. Menczer, “The spread of low-credibility content by social bots,”
Nat. Commun., vol. 9, Nov. 2018, Art. no. 4787.

[40] E. Goffman, Frame Analysis: An Essay on the Organization of Experi-
ence. Cambridge, MA, USA: Harvard Univ. Press, 1974.

[41] A. Liss, “Images of China in the American print media: A survey
from2000 to 2002,” J. Contemp. China, vol. 12, no. 35, pp. 299–318, 2003.

[42] L. Zhang, “The rise of China: Media perception and implications
for international politics,” J. Contemp. China, vol. 19, no. 64,
pp. 233–254, 2010.

[43] Y. E. Yang and X. Liu, “The ‘china threat’ through the lens of US print
media: 1992–2006,” J. Contemp. China, vol. 21, no. 76, pp. 695–711, 2012.

[44] O. Vigsø, “Naming is framing: Swine flu, new flu, and A(H1N1),”
Observatorio (OBS*), vol. 4, no. 3, pp. 229–241, Oct. 2010.

[45] R. Schein, S. Bruls, V. Busch, K. Wilson, L. Hershfield, and
J. Keelan, “A flu by any other name: Why the world health organi-
zation should adopt the world meteorological association’s storm
naming system as a model for naming emerging infectious dis-
eases,” J. Health Commun., vol. 17, no. 5, pp. 532–545, May 2012.

[46] F. Fan, Y. Feng, and D. Zhao, “Multi-grained attention network for
aspect-level sentiment classification,” in Proc. Conf. Empir. Methods
Natural Lang. Process., 2018, pp. 3433–3442.

[47] K. Sun, R. Zhang, S. Mensah, Y. Mao, and X. Liu, “Aspect-level
sentiment analysis via convolution over dependency tree,” in
Proc. Conf. Empir. Methods Natural Lang. Process. and 9th Int. Joint
Conf. Natural Lang. Process., 2019, pp. 5678–5687.

[48] Z. Chen and T. Qian, “Transfer capsule network for aspect level
sentiment classification,” in Proc. 57th Annu. Meeting Assoc. Com-
put. Linguistics, 2019, pp. 547–556.

[49] R. He, W. S. Lee, H. T. Ng, and D. Dahlmeier, “An interactive
multi-task learning network for end-to-end aspect-based senti-
ment analysis,” in Proc. 57th Annu. Meeting Assoc. Comput. Linguis-
tics, 2019, pp. 504–515.

[50] H. Xu, B. Liu, L. Shu, and P. Yu, “BERT post-training for review
reading comprehension and aspect-based sentiment analysis,” in
Proc. Conf. North Amer. Chapter Assoc. Comput. Linguistics: Hum.
Lang. Technol., 2019, pp. 2324–2335.

[51] C. Brun, D. Popa, and C. Roux, “XRCE: Hybrid classification for
aspect-based sentiment analysis,” in Proc. 8th Int. Workshop Seman-
tic Eval., 2014, pp. 838–842.

[52] S. M. Mohammad, S. Kiritchenko, and X. Zhu, “NRC-Canada:
Building the State-of-the-Art in sentiment analysis of tweets,” in
Proc. 2nd Joint Conf. Lexical Comput. Semantics (*SEM), Volume 2:
in Proc. 7th Int. Workshop Semantic Evaluation (SemEval), 2013,
pp. 321–327.

CHEN ET AL.: COUNTRY IMAGE IN COVID-19 PANDEMIC: A CASE STUDY OF CHINA 91



[53] L. Guo, C. J. Vargo, Z. Pan,W. Ding, and P. Ishwar, “Big social data
analytics in journalism and mass communication: Comparing dic-
tionary-based text analysis and unsupervised topic modeling,”
JournalismMass Commun. Quart., vol. 93, no. 2, pp. 322–359, 2016.

[54] M. Saeidi, G. Bouchard, M. Liakata, and S. Riedel, “SentiHood:
Targeted aspect based sentiment analysis dataset for urban
neighbourhoods,” in Proc. 26th Int. Conf. Comput. Linguistics: Tech.
Papers, 2016, pp. 1546–1556.

[55] Y. Ma, H. Peng, T. Khan, E. Cambria, and A. Hussain, “Sentic
LSTM: A hybrid network for targeted aspect-based sentiment ana-
lysis,” Cogn. Comput., vol. 10, no. 4, pp. 639–650, Aug. 2018.

[56] F. Liu, T. Cohn, and T. Baldwin, “Recurrent entity networks with
delayed memory update for targeted aspect-based sentiment ana-
lysis,” in Proc. Conf. North Amer. Chapter Assoc. Comput. Linguistics:
Hum. Lang. Technol., 2018, pp. 278–283.

Huimin Chen is currently working toward post-
doc with the School of Journalism and Communi-
cation, Tsinghua University, China. Her research
interests include natural language processing
and social computing. She has published several
papers in international conferences including
ACL, EMNLP, and IJCAI.

Zeyu Zhu is currently working toward the master’s
degree with the School of Journalism and Commu-
nication, Tsinghua University, China. His research
interests include computational social science,
communication effects, and international communi-
cation.

Fanchao Qi received the BEng degree from the
Department of Electronic Engineering, Tsinghua
University, China, in 2017. He is currently work-
ing toward the PhD degree with the Department
of Computer Science and Technology, Tsinghua
University, China. His research interests include
natural language processing and computational
semantics. He has published papers in interna-
tional conferences including AAAI, ACL, and
EMNLP.

Yining Ye is currently working toward the under-
graduate degree with the Department of Computer
Science and Technology, Tsinghua University,
China. His research interests include natural lan-
guage processing, social computation, and language
generation.

Zhiyuan Liu received the BEng and PhD degrees
from the Department of Computer Science and
Technology, Tsinghua University, China, in 2006
and 2011, respectively. He is currently an associ-
ate professor with the Department of Computer
Science and Technology, Tsinghua University,
China. His research interests include natural lan-
guage processing and social computation. He has
published more than 80 papers in international
journals and conferences including ACMTransac-
tions, IJCAI, AAAI, ACL, and EMNLP.

Maosong Sun received the BEng and MEng
degrees from theDepartment ofComputerScience
and Technology, Tsinghua University, China, in
1986 and 1988, respectively, and the PhD degree
from the Department of Chinese, Translation, and
Linguistics, City University of Hong Kong, Hong
Kong, in 2004. He is currently a professor with the
Department of Computer Science and Technology,
Tsinghua University, China. His research interests
include natural language processing, Chinese
computing, Web intelligence, and computational

social sciences. He has published more than 150 papers in academic jour-
nals and international conferences in the above fields. He serves as a vice
president of the Chinese Information Processing Society, the council mem-
ber of China Computer Federation, the director of Massive Online Educa-
tion Research Center of Tsinghua University, China, and the editor-in-chief
of the Journal of Chinese Information Processing.

Jianbin Jin received the BEng degree from the
Department of Material Science and Engineering,
in 1991, the BA degree from the Department of
Chinese Language and Literature, in 1992, the
MEng degree from the School of Economics and
Management, Tsinghua University, China, in
1997, and the PhD degree from the School of
Communication, Hong Kong Baptist University,
Hong Kong, in 2002. He is currently a professor
with the School of Journalism and Communica-
tion, Tsinghua University, China. His research

interests lie in the empirical studies of media adoption, uses and effects,
as well as science and risk communication. He has published more than
100 papers and book chapters in academic journals and books. Currently
he serves as a vice president of the Chinese Association of Science and
Technology Communication, and a council member of China Communi-
cation Association. He is a member of academic committee of Tsinghua
University, and the executive editor-in-chief of the Global Media Journal
published by Tsinghua University Press.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/csdl.

92 IEEE TRANSACTIONS ON BIG DATA, VOL. 7, NO. 1, JANUARY-MARCH 2021



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


