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ABSTRACT

Drawing on word embeddings techniques and tracking the frequency and semantic change of hot
words on Sina Weibo during the COVID-19 pandemic, this study investigates how language and
discourse change during crisis. More specifically, correlation tests were conducted between word
frequency ranks, pandemic data, and word meaning change ratio. Results indicated that the fre-
quency of some hot words changed with both pandemic data and the frequency of other hot words,
which were significantly correlated with the American pandemic data rather than that of China.
Moreover, February of 2020 saw the most distinctive semantic changes marked by a large part of
the nearest neighbors for WAR metaphors. The correlations between changes in the frequency and
nearest neighbors of COVID-19 related hot words exhibited some acceptable peculiarities. This
study proves the availability of studying discourse through language change by observing minor
semantic change on connotation level from social media, which adds a new perspective to the im-

pact of the COVID-19 pandemic.

Keywords: semantic change, social media, word embeddings, COVID-19 pandemic, discourse.

1 Introduction
Characterized as a pandemic by WHO (World Health Organization) on March 11, 2020, COVID-19

(Coronavirus Disease-19) has left impacts on various aspects of human life and society. Previous studies
(e.g., Martikainen and Sakki 2021; Wicke and Bolognesi 2021) have investigated the social impacts of
COVID-19 with discourse analysis. And metaphorical framings have been identified by many scholars
in this case. For example, Wicke and Bolognesi (2021) discovered a decrease in war framing; Hafner
and Sun (2021) investigated the role of metaphorical framings of the pandemic as a fight in the success
of leadership in New Zealand. While these studies may shed new light on the pandemic’s impacts, they
did not particularly investigate COVID-19 discourse through the very fundamental semantic change.

Since the semantic change of language use could inform social issues in turn, hot words, widely applied
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to reflect social opinion and social trends (Liu et al. 2016), should imply the interplay between discourse

and society during the COVID-19 pandemic.

With the advancement of information technology and artificial intelligence, linguistic and discourse
studies are now faced with new challenges and opportunities. First, online social media has emerged as
a new platform for communication, providing a large size of real language and discourse materials. As
Sindoni and Moschini (2021) put, “materiality of media and semiosis of communication have both
changed to the point where labels, such as new media, new literacies, new technologies, new genres,
prioritize the newness of interactional phenomena and communicative events that take place in, and are
shaped by, digital environments.” Second, linguistic studies applying data-driven methods are now
flourishing and detecting more detailed changes in the language system, resulting in deeper understand-
ings of its major features such as being complex, human-driven, and self-adaptive (Liu 2018). Moreover,
for discourse is “language as social practice determined by social structures” (Fairclough 1989, p. 17), the

study of discourse therefore should not be restricted to language itself, but language in context.

Since word is a fundamental form of language and therefore discourse, the evolution of word meaning,
or semantic change, warrants exploration for a better understanding of the dynamics of language in
context and discourse. For word meaning, Firth (1957, p. 11) put it that “we shall know a word by the
accompany it keeps”. In other words, it is constructed within a context (Cruse 1986). In addition, word
meaning is slippery (Saeed 2016). Especially, semantic changes on connotative levels are more difficult
to capture since connotation is associated emotions, values, and differences according to the speaker’s
social standing and the term’s social use (Bloomfiled 1933), the change of which cannot be immediately

detected and concluded into dictionaries.

As a promising diachronic tool in semantic change analysis, word embeddings can capture minor se-
mantic change on connotation levels (e.g., Cech et al. 2019; Hamilton et al. 2016). It is instructed by
the distributional hypothesis, positing that word meanings are embedded in co-occurrence relationships
(Firth 1957; Harris 1954). This technology has considerably enhanced the accuracy of investigations
on semantic change, and therefore allows linguists to conclude some regularities. For instance, the rate
of semantic change negatively correlates with word-usage frequency (Englhardt et al. 2019; Hamilton
et al. 2016). Research applying word embeddings has obtained bountiful findings, however, further
innovations are needed in the choice of materials (e.g., Grag et al. 2018; Mou et al. 2015), which were
mostly formal texts from historical corpora (Englhardt et al. 2020) and less dynamic compared with
instant data from online social media. By using word embeddings and retrieving real linguistic data
relevant to certain influential social events on social media, more changes in connotative meaning, as

well as traces of associated discourse may be found.

Given the aforementioned, despite the numerous studies published to date, it remains unclear whether

language data from online social media are suitable for investigating language change identified in
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changing context and discourse during social emergencies. With more than 500 million active users in
2020, Sina Weibo, a Chinese social media site from which big data can be collected, is an ideal real-
world source of language data. Applying word embeddings, this study aims to investigate the COVID-
19-related hot words on Weibo during the first half of the year 2020 and describe both the frequency
and semantic change of these words, which can inform us on how to conceptualize the dynamism of
pandemic and how to react to its development (Wicke and Bolognesi 2021). On achieving this purpose,
this study is supposed to understand the subtle changes of language system as well as related discourse
phenomena to help sketch the picture of our conception of the COVID-19 pandemic. Three research

questions are to be addressed:

1) How does the use of relevant hot words on social media change in China during the COVID-19

pandemic?
2) Can the change of COVID-19 hot words reveal any discourse? If yes, what is it?

3) What are the possible causes of the above changes to online hot words and discourse during the

COVID-19 pandemic?

2 Material

Two data sources, microblog texts on COVID-19 crawled from Sina Weibo (https://weibo.cn) using
a self-edited python project and COVID-19 data from WHO’s website (https://COVID19.who.int) were

involved. For language materials, 64,453 pieces of valid texts were posted from December 31, 2019, to
June 30, 2020, using “¥75it” (xin 'guan, COVID-19) or “fifi3k” (feiyan, pneumonia) as keywords on
Weibo to ensure to the relevance to COVID-19 pandemic. Details including the number and the average
length of posts are presented in Table 1. Furthermore, since China and the US (United States) are the
largest economies in the world with a high level of interdependence in trade and economy as well as
a sound Sino-US relationship based on cooperation rather than conflict (Supadhiloke 2012) - changes
in one’s society would be quickly sensed by the other, we chose the pandemic data of these two coun-
tries as social situations that might affect people’s mental representation of the pandemic. COVID-19
data obtained from WHO’s website cover the new daily confirmed cases and deaths in China and the

US during January 3, 2020, and June 30, 2020.

! Data accessed to Weibo 2020 User Development Reporz https://data.weibo.com/report/reportDetail ?id=456.
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Table 1: Details of language materials.

Average post length
Month Number of posts
(words per piece)

January 10,653 60.74
February 8,341 64.96
March 10,536 64.32
April 10,999 63.97
May 11,062 67.68
June 12,862 56.23

3 Methodology

3.1 Instruments

The data collection tool used in this study was a self-edited Python project, which could retrieve Weibo
posts containing the defined keywords during the selected period. Information including the text, user
id, post time could be collected at the same time. The database linked to this python project was Mon-
goDB, in which all the information was stored. Jieba, a Python module for Chinese word segmentation

was used for word segmentation and word counting.

To get the precise change of meanings of the target words in contexts, we applied the Word2vec model
proposed by Mikolov et al. (2013a), which is now widely used in the field of natural language pro-
cessing. With a given corpus, the Word2ec model represents each word in it with a list of (sometimes
hundreds of) numbers called a vector. Originally, word vectors are encoded in a way called one-hot
vector such that if we have a sentence (vocabulary) “Thank you very much”, the vectors of each word
should be: vector (“thank™) =[1, 0, 0, 0], vector (“you’) = [0, 1, 0, 0], vector (“very”) = [0, 0, 1, 0] and
vector (“much™) = [0, 0, 0, 1]. But such vectors cannot represent the different distances (interpreted as
similarities) between the semantics of each pair of words when they are projected to a two-dimensional
space. To solve this problem, Word2vec model was designed to represent words in distributed vectors
based on word dependence and minimize computational complexity (Mikolov et al. 2013b). It can do
two things originally with two architectures (Mikolov et al. 2013a): the continuous bag-of-words model
where all words get projected into the same position to predict the word based on the context, and the
continuous skip-gram model where a word is put into a log-linear classifier with continuous projection
layer to predict words with a certain range before and after the current one. A typical way to test and
compare different word vectors is finding semantically similar words. For example, to find a word sim-
ilar to long, we can compute vector X = vector (“longest’)-vector(“long”)+vector(“short”). Then
a word in the vector space closet to X measured in terms of cosine is the result (Turney and Pantel 2010).
This operation can be further done in high dimensional word vectors on a large amount of data, and the

results can be used to answer very subtle semantic relationships between words (Mikolov et al. 2013a).
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For example, the diachronic change of nearest neighbors that have the largest cosine values of the target
words can be used to tack the semantic change of them (Shi and Lei 2019). Here we have the same
application of calculating similar words (or nearest neighbors) with the Gensim library of Python, which
provides all the features of a Word2vec model (Jatnika et al. 2019). Its implementation is a case where
an open-source implementation is more efficient than the original Word2vec coding (Srinivasa-Desikan
2018). Once a cleaned text was input into it, Gensim worked out a vector map as well as nearest neigh-

bors of the defined word in minutes.

In the current study, correlation tests were conducted on Statistical Product and Service Solutions (SPSS

26.0).

3.2 Research Procedures
Research procedures were observed as follows. First, after data collecting, the repetitive reposted Weibo
texts were filtered out, and emojis, as well as URL strings were deleted before word counting.

The cleaned Weibo texts were then processed by Python to get word frequencies and nearest neighbors.

Second, Weibo texts were compiled with their post date for Python to calculate word frequencies.
In this regard, daily word frequencies and ranks were recorded. For identifying hot words and their
nearest neighbors, texts were compiled into 6 monthly recorded files®. According to Gao and Wang
(2017), hot words are widely used in actual network communication and are extensively spread in social
life. Therefore, in our study, words that kept monthly top rankings were candidates for hot words. Then,

Gensim ran on these 6 prepared files and printed the nearest neighbors of selected words.

Then, we conducted two sets of Pearson correlation tests. This was inspired by van Dijk’s discourse-
cognitive-social triangle (van Dijk 2009). In this model, the mental representations of language users
as a major cognitive factor and social factors including social interaction, social situations, and social
structures should be considered when explaining the relations between discourse and society mediated
by cognition. In our case, pandemic data present social situation during the pandemic, and Weibo posts
contain discourse as well as social cognition. First, informed by the finding of Li et al. (2020) that the
declaration of COVID-19 in China changed frequency of words of emotions on Weibo, we tried to
explore the correlation between pandemic data as social situation after the declaration and hot word
frequency as public response. Secondly, inspired by co-occurrence rates measuring the correlation
strength between any two highlighted words (Zhu et al. 2020), we also conducted correlations between
frequency ranks of hot words in pairs. And thirdly, informed by Englhardt et al. (2020), we inspected
correlations between word meaning change ratio (1) and monthly mean word frequency ranks. As de-

fined in (1), the word meaning change ratio is calculated based on the number of new nearest neighbors

2 Weibo corpus is available one line https://github.com/eddiezhou99/COVID-19-Weibo-Corpus.
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of a certain word. It is noteworthy that generally, genism would output at most ten nearest neighbors of

a word, but when there are not enough nearest neighbors, there would be fewer outputs.

number of unprecedented nearest neighbors

1 Word meaning change ratio (month) =
( ) g g ( ) number of nearest neighbors of that month

4 Results

4.1 Descriptive Statistics

In general, hot words are those with high frequencies within a period of time (Gao and Wang 2017; Liu
etal. 2016), and semantics should also be considered (Wang et al. 2017). We therefore gave three criteria
to COVID-19 hot words: (a) the words should be of high frequencies among all content words from the
weibo posts during the observed time (January 2020 to June 2020), (b) they should be semantically
relevant to the COVID-19 pandemic, and (c) for reducing redundancy of discussion, they shall be se-
mantically distinctive or representative of a group of semantically similar words. With these three cri-

teria in mind, 5 frequent words, viz. ¥t COVID-19, J51% pandemic situation, [J5$2¢ prevention and
control, F1[E China and 3&[E US were identified as the COVID-19 hot words for inspection among the

top 30 frequent words (see Table 2) in Weibo posts. Note that although there are some other possible
candidates, we dropped them according to criterion (¢) because they share more or fewer similarities to

the chosen words that are more highly ranked (for example, J#5 {5 case and #f§i2 confirmed were often

used to describe ¥ | pandemic situation).

Table 2: Top 30 frequent words in COVID-19-related weibo texts.

Rank Word Token  Frequency (%) | Rank Word Token  Frequency (%)
1 1 of 214173 4.3003 16 A person 20527 0.4122
2 et COVID-19 72687 1.4595 17 H [E China 20514 0.4119
3 Jifi % pneumonia 60747 1.2197 18 # case, quantifier 19593 0.3934
4 T end mark 59053 1.1857 19 ZH US 19447 0.3905
5 1F at 58752 1.1797 20 1 also 18830 0.3781
6  J%1% pandemic situation 54635 1.0970 21 A for/be 17660 0.3546
7 A& be 39075 0.7846 22 A negation 17488 0.3511
8 F1 and 35214 0.7070 23 #E all 17451 0.3504
9 H day 33341 0.6694 24 Bji4% prevention & 16862 0.3386
control
10 H month 32946 0.6615 25 B34 patient 15297 0.3071
11 Jpif case 28721 0.5767 26 X to 15290 0.3070
12 JR B virus 27172 0.5456 27 J& Y infection 15039 0.3020
13 1112 confirmed 26146 0.5250 28 H# will 13610 0.2733
14 &1 23808 0.4780 29 il at once 13487 0.2708
15 H have 20559 0.4128 30 TAE work 13399 0.2690
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4.2 Frequency and Semantic Change of Hot Words

Word frequency helps analyze the public trend in certain social events (Rustam et al. 2021). By ranking
word frequencies among our data, we may capture some social and psychological trends during the
pandemic. As can be seen from Figure 1, although the frequency ranks of the 5 hot words in
6 months were above 30, their ranks changed drastically over time. At beginning of January, only J2&%
pandemic situation and [[[j32& prevention and control reached the top 50. And later on, the frequency of
other words increased enormously. This is a representation of the growing trend of COVID-19 to enter

the center of public attention.
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Figure 1: Diachronic change of the frequency rankings of hot words. Rankings exceeding 200 taken as 200 for visual clarity.

Figure 1 shows that in late February all the five words entered the range of the top 100. This is in line
with the result by Rajput, Grover and Rathi (2020), who analyzed the word frequency of COVID-19-
related tweets from January to April of 2020 and found peaks in February and March, with Coronavirus,
Covid19, and Wuhan being the most frequent words. And these two months, in fact, also saw a peak in
China and a rise in the US in the pandemic (see Figure 2). Therefore, it seems necessary to investigate
the correlations between word frequency and pandemic data (specifically case number), which is shown

in subsection 4.3.
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Figure 2: COVID-19 data in China and the US during Jan 3, 2020, and June 30, 2020.

As for semantic change, shown in Figure 3, all five hot words have experienced semantic change to
different degrees, which witnessed the largest meaning change ratio in February. However, on compar-
ing the nearest neighbors (see Table 3), it is clear that most changes to H[E| China and ZE[E US were
country or city names indicating the pandemic situations in different places. Therefore, we decided to
exclude them in our further discussions. Then the three active hot words are ¥7f COVID-19, the newly
coined term referring to the pandemic, % {% pandemic situation, the one that always came with xin’guan
when people talked about the situation and news about the pandemic, and /5§22 prevention and control,
which have been constantly called by the government. Generally, the feature of the identified semantic
change is that the changes in nearest neighbors of three hot words were more diversified in February

and March (see Figure 3), and remarkable traces of the war-related terms (or war metaphors) were found

in the nearest neighbors in February (see Table 3).
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Figure 3: Word meaning change ratio of hot words.

In what follows, we will discuss the semantic change of #7& COVID-19, %% pandemic situation and

[F5#28 prevention and control, respectively.
Semantic change of ¥17& COVID-19

The word ¥t COVID-19 experienced a semantic change in connotation in two phases: from neutral
to negative (January to May) and negative to neutral (May to June). At the beginning of the pandemic
in January, as a newly coined word, it was associated with uncertainty to the new virus with nearest
neighbors such as 5% irrelative and “~HH unknown. This was probably due to the lack of knowledge
about the virus at that time (Alkandari et al. 2021). In February and March, the word &% breakout
emerged and became its top nearest neighbor, indicating that the society was well aware of the rapid
development of the pandemic. In April and May, approximately 30% (5 out of 15) of xin 'guan’s nearest
neighbors were negative words: 3}-5¢ struggle, &l contain, BEFE rage and ¥ HY spread. Tt seems that
in this period, people regarded COVID-19 as a monster or enemy, which was also detected by Wicke
and Bolognesi (2020) on Twitter. However, in June, the word lost its negative nearest neighbors. In this
period, nearest neighbors including ¥&1% pandemic situation, 58l early phase, and B(E{ might cause
presented a neutral emotion of COVID-19 by Chinese Weibo users, which conformed to the slowdown
of domestic pandemic. This finding shows that the social perception of COVID-19 has experienced

a slightly positive shift since the spreading of it was well under control after a tough time.

Semantic change of Y1 pandemic situation

The word ¥ 1% pandemic situation generally experienced a negative trend in its connotation, and it had

more war-related nearest neighbors than the other two active hot words. To be more specific, January

and February witnessed the most war metaphors (about 37% of all nearest neighbors). Nearest
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neighbors such as X5 rough battle, $53EE headquarter, ¥1 5 win, and %>} battle were all war-

related terminologies indicating a strong mind to confront the pandemic as an enemy. But since March,

the word lost war-related neighbors and gained negative neighbors. The word f&f/|, crisis constantly
stayed within top 5 of nearest neighbors from March to June, followed by other negative words like "X
M disaster, B spread, [ severe and H1; strike, which also made up of 33% (13 out of 39) of all

nearest neighbors in this period. This change shows that, after fighting against the outbreak of
the pandemic for a period, the Chinese public was consistently paying attention to the pandemic situa-

tion and started to count the consequences of the pandemic.

Semantic change of [fj3% prevention and control

Unlike the other two active words, the word [[}j3% prevention and control kept neutral in connotation

during the six months, but the change of its nearest neighbors was also in line with the pandemic situa-
tion in China. In January and February, nearest neighbors implied an intensifying attitude towards the

pandemic, such as I\ E%5C earnestly implement, "Xt resolute, =77 full strength and some war-
related terms like 2% deploy and ${ 7 snipe. These words indicated that the government was issuing
strong orders in the fight against the pandemic. From April, such words were not close to the word [;
7% fangkong (prevention and control). The nearest neighbors were its conventional synonyms such as
IN'E disposal and NN confront. This is because, at this stage, the number of daily confirmed cases

in China was well under control (see Figure 2). In June, as the government started to emphasize regular

epidemic prevention and control, the word 5L regularize became the nearest neighbor. In general,
the semantic change of [[/j§% prevention and control was in line with the orders of the government, since

the word itself denotes the government’s major mission during the pandemic, i.e., to mobilize the whole

society to control the pandemic situation.
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Table 3: Nearest neighbors of hot words in six months.

Hot
word ESTYoA iE i HE ZHE
COVID-19 pandemic situation prevention & control China us
Time
H new type T4 tough battle N2 meet emergency 5146 Hubei itk Hong Kong
Je% irrelevant FEFEEF headquarter B4% joint control 4=[E nationwide HAZE Increase to
J%J;gy RBH unknown 477 full strength PEitF snipe 7% Wuhan 4 Japan
RIS F coronavirus # COVID-19 A 5:/INH leading ¥ Hong Kong [ China
group
%1% pandemic situation 7% preventionand  JAFIESE earnestly im- %[ US IS whether
control plement know
AR this time #74 win it confront H A Japan H 7% Japan
Jili % pneumonia 8% combat i snipe EH Us 2 US
February AR outbreak A8-F battle HEE deplore 4Bk worldwide & China
2020
JT AL curative effect A 74% blocking ac- [j9% epidemic preven- 4=[H nationwide BET death
tion tion
484 fighting the pan- 4:77 full strength I Wuhan BORF Italy
demic
AEX outbreak fEHL crises X} confront %£[H Us HERL UK
£1%} aim at KA disaster B3 guarantee it worldwide FE China
March BET- % death rate ¥k second time 5| % cause FEF Italy i [E Korea
2020 )
(T current AT prevalent A5 deploy H 7 Japan ¥R Europe
[i##% along with ¥ Hi spread #i i fight against i [ Korea F A Japan
i pneumonia fE L crisis Qb # disposal FHE UK %) New York
¥ 1% pandemic situation AT prevalent %t confront 41 oversea ENJ¥ India
£ struggle SR severe & meet emergency 1% Germany V2: France
April
2020
Y spread e COVID-19 #i i fight against % all countries FERF Italy
2 #) contain il strike JinsE intensify =AH Italy % 1 Russia
FRJE rage Jiti%¢ pneumonia LB disposal X Wuhan &4 Brazil
#ix - earliest E%E spread Rt confront FHE US & China
faist when fa bl crisis Pt fight against 2% human H5EA Trump
May 2020
Pk source AT prevalent 4] control 5 world HEE UK
1% pandemic situation i strike Bii%E epidemic preven- Wk E. where FEBUF US gov-
tion ernment
¥ 1% pandemic situation fiti ¢ pneumonia it confront X Wuhan ENFF India
7RI coronavirus AT prevalent AL regularize £ US 4%k global
L35 early phase f& Ml crisis 45 current [ Europe 74 Brazil
June 2020
E might cause AR K outbreak AFZ deploy 15 world #[H UK
12 confirmed AT disease j& 15 announce 1 5245 white pa- [ China
per

Notes. War-related terms are in italics, and hot words in nearest neighbors are underlined. For space-saving, half of the nearest

neighbors are presented here.
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Similar to Wicke and Bolognesi (2020) who found many war-related terms on Twitter during the pan-
demic, as mentioned in the previous subsection, we also find that the hot words fall into the War meta-
phor, which is frequently used in all flu-like pandemics around the world (Taylor and Kidgell 2021).
Projecting the virus to an enemy is the strategy that politicians apply to encourage people from all walks
of life to temporarily put contradictions aside and unite together in the “war”. Huang and Hu (2021,
p. 96) pointed out that the logic of war metaphor came from the shaping of the “other” and “us” in the
context of dual opposition, which worked through the building and activating collective identity and
unity to achieve relative social stability. Cognitively, this is a way to construct new social representa-
tions by installing the referential relation between the pandemic and war into people’s episodic memory
(van Dijk 1990), which primes people to be vigilant whenever there are new cases nearby. However, as
Chapman and Miller (2020, p. 1109) noted, although war metaphors made the public easy to compre-
hend the complex social issues, they also added complexity into the public’s perception of the pandemic,
allowing for “the creation of discrete categories such as winner, loser, the attacked, victims, fault, blame,
and enemy, all of which have implicit meanings associated with power discrepancies and blame attrib-
ution”. Therefore, in March, when the pandemic in the country was gradually under control, the use of
this war framing was reduced before its overuse fossilizes social cognition in the dynamic contexts, and
thus no more war-related words remained the nearest neighbors of the hot words. This decrease in war

framing was also detected by Wicke and Bolognesi (2021) on Twitter.

4.3 Correlation Tests

As mentioned above, both the frequency and semantic change of hot words, as well as the use of war
metaphor, seemed to have some correlations with the pandemic situation. To verify this and further
explore the interactions between discourse, cognition and society in the context of the COVID-19 pan-
demic, we did three sets of correlations tests in this subsection: between word frequency ranks and
COVID-19 data, between frequency ranks of the five hot words, and between mean word frequency

ranks and meaning change of hot words.

Firstly, we executed the Pearson correlation tests between hot word frequency ranks and the pandemic
data of China and the US (two representative modes of pandemic development). Results are presented
in Table 4. It should be noted that when the correlation value is significantly negative, it means that the
case or the death number is in a positive correlation with word frequency. Clearly, US confirmed cases

have the most significant ties with word frequency ranks. Its correlation between rank of Z&[E US
(r=-.584) reaches a large effect size®. Besides, it has a medium correlation between rank of 51 [E| China
(r = -.308). US deaths have four significant correlations, and the strongest is that with S£[E US

(r = -.426). And for pandemic data in China, there is only one significant correlation between CN

5 Effect size: small (r =.10), medium (r = .30), large (r = .50). (Cohen, 1988: 83)
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confirmed cases and rank of Z£[E| US (r = -.426) with medium effect size. Therefore, according to Table

4, it seems that the pandemic data in the US were more influential than that of China to Chinese social

media trends, which is somehow out of our expectation, nor has it been explained by other scholars.

Table 4: Correlations between daily word frequency ranks and COVID-19 data.

COVID-19 data Word frequency ranks r P
¥ COVID-19 -.286 .000
Yt pandemic situation -251 .001
US confirmed cases 9545 prevention & control -152 .042
H[E China -308 .000
*H us -.584 .000
¥ COVID-19 -.201 011
& pandemic situation -.184 013
US deaths 5% prevention & control -.105 .160
H1[E China -235 .001
*%H us -426 .000
#iE COVID-19 .055 488
J%& 1 pandemic situation -.085 259
CN confirmed cases % prevention & control -.139 .064
H1E China 022 774
% H USs 410 .000
#iek COVID-19 -.022 780
J%& 1 pandemic situation -.062 408
CN deaths % prevention & control -.094 210
" & China -.030 692
k£ USs .090 232

The significant correlations between the US pandemic data and word frequency might be attributed to
the trends of public concerns. As Wang et al. (2020) observed, with COVID-19 spreading worldwide,
the number of Weibo posts referring to the pandemic in other countries grew consistently. The larger
number of significant correlations at or above medium effect size between the pandemic data in the US
indicate that compared with the pandemic situations in China, the pandemic in the US as social situation
was a larger influence over online social discourse in China. As can be seen from Figure 2, the con-
firmed cases in the US increased rapidly in March, while in China the number has been kept at a low
speed. In late June, the daily new case number in the US was about 200 times of China. According to
some Weibo contents ((2)-(4), translated), the rising number of confirmed cases in the US might arouse
some social worries. Some individuals have concerns that those coming from the US would bring the
virus back, leading to a new domestic outbreak, international students and their parents have uncertain-
ties in admission, safety, and so on; and investors are more likely to be pessimistic towards the world

economy, which was dominantly influenced by the US.

(2) The US economy fell tremendously in the first quarter, the sharpest decline since the 2008 finan-

cial crisis. Such news is very shocking and worrisome. (April 2020)
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(3) COVID-19 will bring unpredictable difficulties and hardships to mankind. As the trade war between
China and the US goes on, it seems that those who want to study abroad and travel abroad might be

discouraged. (May 2020)

(4) On hearing that a Seattle COVID-19 patient received a $1.1 million bill from the hospital after he
recovered, I strongly recommend that international students should buy school insurance in case they

got infected. (June 2020)

We can conclude that the pandemic data which revealed social situations and aroused concerns during
the pandemic to some extent contributed to the frequency rank change of COVID-19 Weibo hot words.
But the number of significant correlations is below our anticipation. Instructed by van Dijk’s (2009)
discourse-cognitive-social triangle, we reckon that there might be cognitive factors in effect. Conse-
quently, we found more through a correlation test between daily frequency ranks of hot words. Results

are presented in Table 5.

According to Table 5, there are 7 significant correlations with medium or large effect size between

the daily frequency ranks change of different hot words. The strongest tie is between the ranks of et
COVID-19 and Z[E US (r = .612, p = .000), indicating that Weibo users were concerned much about

the pandemic in the US. The frequency of yiqing has the most significant correlations between that of
other hot words. In both terms of effect size and number, the correlations between different word fre-
quency ranks are stronger than that between COVID-19 data and word frequency ranks. This is under-
standable because these hot words are all semantically related to the pandemic. In other words, they
share semantic relations, which makes the association between hot words inevitable for Weibo users
when they discuss the pandemic. According to Zhu et al. (2020), in a complex network where a hot
topic (word) on a microblog is a node and its semantic relations with other topics are edges, co-occur-
rence feature words can be regarded as subtopics of the given topics. That is probably why the frequency

of &% pandemic situation has the most correlations between other hot words. And this could be backed

by the fact that there are some shared feature words (nearest neighbors in our case) facilitating the close

relations between these hot words (see Table 3).
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Table 5: Mutual correlations among frequency ranks of the five hot words.

Word frequency ranks r P
V1% pandemic situation 123 120
et [5$2% prevention & control -.124 117
COVID-19 J1[E China 463 .000
=E US .612 .000
[F$2% prevention & control .520 .000
i J1[E China .549 .000

pandemic situation

E[E US 307 .000
B & China 243 001
prevention & control EE US .309 .000
] EE US 384 .000

China

Yet, there remains a question: did word frequency change affect the change of word meaning, or more
specifically, did they present a negative relationship as found by Englhardt et al. (2020) and Hamilton
et al. (2016)? This question is worth investigating because as mentioned above, February and March
did not only see mass changes in word frequency but also in word meaning. To verify whether there
existed any regularities, we then conducted another correlation test between mean frequency rank and
word meaning change ratio monthly from February to June. However, according to Table 6, the result
is more complex than we expected. Only the word ¥t COVID-19 presented a strong positive relation
between its frequency rank change and meaning change, i.e., a negative relation between frequency
rank and meaning change, and this relation was the only one close to statistically significant
(p = 0.051). Other two words, both show a non-significantly positive relation between frequency and

meaning change.

Table 6: Correlations between mean word frequency ranks and meaning change.

Word r )4
V%1% pandemic situation -.552 334
[F542% prevention & control -.250 685
et COVID-19 .876 .051

This seemingly strange situation may attribute to the setting of this research. Firstly, the general negative
relations between word frequency and meaning change found before (Englhardt et al. 2020; Hamilton
et al. 2016) were all concluded from historical corpora, in which the strangeness caused by sudden

events like pandemics could be diluted. Secondly, when we take close look at these three hot words, it
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is clear that while the word et COVID-19 is a newly coined word due to the pandemic, the other two
words are both existing words attached with new meanings and concerns in this pandemic. As for #rt

COVID-19, both its meaning and frequency were settling down at a stable level from January, which
was a trend from low frequency and unfixed meaning to stably high frequency and rather fixed meaning.
Therefore, its frequency increased while the variation of its meaning decreased. In other words, it ex-
perienced a speedy process from “birth” to “maturity” which had happened to the other two words in
a much longer time in history. For the other two words, they were both more frequent and semantically

stable than the word #rf COVID-19 at its emergence. But since the outbreak of the pandemic, new

connotations were added to their meanings, while their frequencies went relatively down later compared

with Fret COVID-19. This could be regarded as a fluctuation in their long and steady development.

But this fluctuation was not that strong, because most changes were happening in February, and
the changes in word meaning were not severe. This finding demonstrates that investigating words dur-

ing social emergencies would add new understandings to the interplay between language and society.

5 Conclusion

The present study investigates the dynamics of language during the COVID-19 pandemic through
changes of COVID-19-related Weibo hot words from January to June in 2020 in terms of the changing

frequency and connotative meaning as well as their relationship.

Word frequency changed with both social situations and public cognition. Generally, when the pan-
demic was spreading rapidly, people would discuss it more on social media, thus increasing the fre-
quency of related words. The dramatic increase of cases in the US, together with the complex relations
between the two countries made the Chinese public pay much attention to its social situation, therefore
the pandemic data in the US turned out to be more influential than China on hot word frequency on
Weibo especially when the domestic pandemic situation eased. Moreover, as these hot words were se-
mantically related to the main topic, i.e., the COVID-19 pandemic, people’s concern of one subtopic
(a hot word) would cause rise to the frequency of another, establishing the correlations between fre-

quency rank change of related hot words.

The semantic change on the connotative level of hot words reveals the process in which the public
learned the whole picture of the pandemic as well as the government strived to motivate the society by

creating war metaphors. The newly coined word #r7f COVID-19 experienced a sharp increase in fre-

quency and the settlement in meaning as people acquired knowledge about the virus. From nearest
neighbors, it seems that language can frame people’s cognition and finally affect social situations. War
metaphors took their expected effect in China and were used less since March when the pandemic situ-
ation was gradually under control and the government was thinking about promoting the resumption of

production.
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The current study, investigating word frequency and meaning change during the COVID-19 pandemic,
found acceptable “violation” to the general negative relationship between the two variables.
The acceptance shall come from the interplay of social situations, public cognition and the self-adapta-

tion of the language system. For already existing hot words like ¥&1% pandemic situation and [}j{%

prevention and control, their connotations were added up with new feature words upon the outbreak of
the pandemic while their relative frequencies experienced a limited increase, thus receiving non-signif-

icantly positive correlations between frequency and meaning change. The new word ¥t xin ‘guan,

differently, had its collection of meanings changed from a mess from a fixed one as its frequency dras-
tically increased, thus exhibiting a quick play of birth of a new word and conforming with the law of

conformity (Hamilton et al. 2016).

Investigating changes in word frequency and word meaning under the COVID-19 pandemic, this study
may shed light on investigating the interplay of social and language change during the pandemic. The
technology of word embeddings proved to be a capable tool for us to capture changes in the connotation
of hot words. The socio-cognitive approach of discourse analysis instructed us to understand peculiari-
ties in our results in new perspectives. Social situations and public cognition together would cause tem-
poral language change that seemingly violates certain linguistic law, which may be observed when re-

searchers zoom in - under certain influential social change or event.

There are some limitations of the present work. A larger size of corpora containing microblogs across
countries might lead to more language changes to be found, and more distinctive or universal findings

should be expected.
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