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Introduction

* Effective government communication is vital for delivering information to
interact with and influence the public’s knowledge and behaviors during the
pandemic (Capano et al., 2020; Hale et al., 2021).

* This study aims to investigate the communication strategies of the governments
in Hong Kong and Mainland China in response to the Covid-19 pandemic.

e Data: Corpus of government news on Covid-19 in Hong Kong (HK) and Mainland
China (ML)
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Research Questions

RQ1: Which topics are discussed in the government news on Covid-19 in
Hong Kong and Mainland China?

RQ2: What are the rhetorical strategies (e.g., metaphorical framing) used in
the government news on Covid-19 in Hong Kong and Mainland China?

RQ3: What is the sentiment polarity of the government news on Covid-19 in
Hong Kong and Mainland China?
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Method

* Corpus creation

* Data Analysis
e Part 1: Topic modeling (RQ1)

* Part 2: Rhetorical strategy analysis (RQ2)
o %% zhan4zhengl WAR metaphorical frame

* Part 3: Sentiment analysis (RQ2)
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Corpus Creation

e Two parallel corpora (Timeframe: December 2019 to July 2021)

« HK corpus: 5,662 Chinese government news on Covid-19 in Hong Kong (HK)
(https://www.news.gov.hk/chi/index.html)

* ML corpus: 2,304 Chinese government news on Covid-19 in Mainland China (ML)
(http://www.gov.cn/xinwen/index.htm)

* Data cleaning and pre-processing

* Chinese text segmentation and POS tagging
* Jieba 0.42.1, https://github.com/fxsjy/jieba /Python 3.6.13
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https://github.com/fxsjy/jieba%20/

Part 1: Topic Modeling (RQ1)

Latent Dirichlet Allocation-LDA (Blei et al., 2003)
1) Removal of stop words
2) Removal of “9&IE” HHX1d (i.e., “BIF", “Fhm”, “FiK", “BIK", “BARREF")

3) Turn the tokens into a bag-of-words, i.e., a list of tuples with the token and its number
of occurrences in the corpus

4) Determine the topic number

Topic coherence measure
Manual interpretation of the LDA results

5) LDA training (Topic numbers: 2, 3......16)

6) Visualization
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Stop Word Removal

Stop word list (1,117)

* HK corpus: traditional Chinese stop word list
* ML corpus: simplified Chinese stop word list
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Topic Modeling - Coherence Score

* Topic number selection: N=2, 4
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Figure. Coherence scores for the topic numbers
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General Corpus Analysis

HK Corpus (Top 500 words) ML Corpus (Top 500 words)
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Figure. Word cloud of the most common words in the HK and ML corpora of government news on Covid-19
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Results — LDA (N=2) & Word Cloud of Topics

LDA (N=2) LDA (N=2)
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Results — LDA (N=4) & Word Cloud of Topics

LDA (N=4)
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Themes in the HK Corpus vs. ML Corpus

HK corpus

* Theme #1: B IZMF BT “vaccination and government”
* Theme #2: 0| A0 2= “detection and cases”

ML corpus
* Theme #1: FHEFM[FHE T {E “China and the prevention and control”

* Theme #2: 12/ HIFIEEZ MG A\ “confirmed cases and imported cases
from abroad”
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Findings

Insights into the different government responses to the Covid-19 pandemic

between Hong Kong and Mainland China:

The results of the LDA modeling indicate variations between the two regions:

* Mainland China: A proactive strategy with an emphasis on the topic of [};5#% fang2kong4 ‘prevention

and control’ initiatives
* Hong Kong: A reactive strategy by focusing on the f5:3ll] jian3ce4 ‘detection’ measures.

* The Mainland China government responded to the Covid-19 pandemic from the perspective of the
government, and the Hong Kong government responded more from the perspective of the public

citizens.
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Part 2: Rhetorical strategy analysis: WAR metaphorical frame (RQ2)

* Metaphor has been found to be an effective rhetorical device to shape the
human experience of epidemic diseases, such as the conceptualizations of
AIDS (Sontag, 1989), SARS (Wallis & Nerlich, 2005), and flu (Dobric & Weder,

2016) in media discourse.

 WAR metaphor is the predominant type to talk about the Covid-19
pandemic in public discourse (Craig, 2020; Wicke & Bolognesi, 2020, 2021 ).
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WAR Metaphorical Frame Analysis &

&

e To see the lexical units (i.e., metaphorical keywords) within WAR

metaphorical frame are used to talk about Covid-19 in government news in
Hong Kong and Mainland China?

* How does the use of the pervasive figurative framing of WAR change over
time?
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WAR Metaphorical Frame Analysis — Lexical Units

Determine lexical units associated with metaphors of WAR

« Analysis of sample data
« Source domain verification procedures (Ahrens & Jiang, 2020)

Read through the corpus and previous ;
= Determine criteria for a keyword to be
research to select keywords as : o
categorized in a particular source
postulated members of a particular 3
domain
source domain
\ J
r N\
Check SUMO to see if conceptual
node is associated with postulated —
. o Yes
source domain
\ J
No
Check WordNet to see if sense
contains words related to the Y
= €es
postulated source domain
No Verify the keyword
as belonging to the
postulated source
domain
s \
Check online dictionary to see if sense
contains words related to the
postulated source domain Yes
\. J
No
Check WordSketch to see if frequent
collocates contains words related to the
. ~—
postulated the source domain
Yes
\ J
No
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No. | WAR Keywords Frequency
1 Bid% 11219
2 IR 1135
3 B 959
4 —8 705
] FH o ik 364
6 ik 328
7 M4 324
8 T 315
9 A 206
10 Ty % 191
11 &k 176
12 93] 137
13 JER 135
14 FIF 118
15 Bli £& 118
16 IS S 95
17 By ik 80
18 Ik 79
19 1R AR 67

20 R 66
21 &R 3 66
22 Z A 66
23 F—5 64
24 B 56
25 ALk 40

No. | WAR Keywords Frequency
26 837 31
o #7] 25
28 ik 20
29 BN 19
30 HEH 17
31 ak 16
32 e 16
33 kA% 14
34 R 1y 13
3 ik R 13
36 EX37) 13
37 et 11
38 5K R 11
39 g 9
40 Xt 22 9
41 Witz 7
42 ikt 7
43 FI4L 6
44 % 4
45 F1IK 3
46 B 57 3
47 v 2
48 T 2
49 e 1
50 it 1

Total 17382
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Sentiment Analysis of WAR

* Sentiment analysis of WAR metaphorical framing

16/12/2022

©

A B G D E F
WAR Lexical Target
Concordance Concordance Unit Domain -| Sentiment | File names
ENE/n RIEE/d TRL/v BV |, /x BN ER/n AR/ EE/|EBE/n. /x {/xBR/N DY /xSBR/NV . /xIZER/p “/x E/vn 17dk/n
BEMpv L /x NP=/d 7&SE/a SMB5/n BIN/v $&1t8/n &/u J5TH/n X3/p | 7/d B/vn B2 /an . /x E/vn WSB/n %50/d B/vn BL/an | /x FREIBUFR_BR_2
15 /n B2 /vn THE/vn B /v T /ul B /a| B /vn L5755 /vn 275 /vn 5/d B /vn BE/an ”/x B9/ e e aE Positive 0210430_2107.txt
IV A80F /v BEEE/vn B/ vn 03 /n 88 /vn F/u TIE/vn . /x|BBE/n |, /x IN58/v ERA/n 3RT5/n ER/n 35FT/n W58 /vn |, /x
TIAME/n BB/n . /xRA/n FRESEB/n . /x EIZR/n #Rl/n FO/c|S_H/V BF/ . IXEB/v . /x3BHI/vn . /x HE/vn . /xTBZ/v PEIBUAT_HriE]_2
EJR/n B/n F/u 24N/ m F817/n tB/d {EH/v B/ |F/u 3RT5/n |, /x II58/V A58/ vn 185G /vn FIE/n |, /x33/p THR/ B2 A g Positive 0200123_11.txt
EBE/n . /xR0 D/n P/ MR/ |, /xTE/p BNV KE/n
o IXEEE/nt BZE/j26/m B/m BF/v EERMUn , /x33/p| AT /0 E£5/b £5/v &E1E/n B5¥E/vn B/uj RRS/c |, /x
EBEZ/nt F/c FI/n 120l/n FLIL/a 0T /v FiEY/ b BARRE/| | FARk/ad IB5KIEHW/n . /xIBERB/ntEH/n . xXERXE/n . /x FREIBURF R _RE)_2
RER/v 19/ Bsk/n RIS /n B /vn TAE/vn /v Bik/a|EZR/n BER/ BE EiEbhE Positive 0200129_72.txt
BE/n. /x3/m B/m , /x PREGER/nt ESERE/n BF /v
IR /ad $T5w/v & fE/n B53%/vn BREREE/n R5U/q RiFN Z—/r|&8Un |, /xTRF/vn T/ —F5/m &1&/n B5ts/vn TEE/vn . /x
Friert/nt iI5E /n 1X/r 2/v 1E/p ZBE LT/ BAR—ILYi Fids/vn | A/ nrfg BF510/n SBIFHEH/1 |, /x F/p BHE/n F|EL/v . /x AR EIBURF R _iE)_2
FrEY/b EARES/ RER/v Bbk/n E18/n KEIZ/n /v BB/ | S/p fREE/n BRE/d |, / BE ZiEkhE Positive 0200205_229.txt
[d @& /n , /xBEE/vn BRE/d FE/n . /xLA/p IEFE/nrfg|BBE/n , /x BRNE/vn &15/n Bts/vn BETEER/n B9/ uj BE/a SH/n
B&/n 73/p #0y/n B9/uj TR/t LU/p 33/p AR/n BERS/n|. /x—FF/m $L/d BXYa B9/uj E58/v |, /IxEB/NV 5/p 7KE/n ch E BT _FhriE]_2
B9/uj fsan/v 383/ |, /xTE/p KERZ/n VEH/Y BE/a|BRE/d B/uj RIL/v —/x —/x TE/p PR /nt 1B38/v BRE BiakhiE Positive 0200205_255.txt
/n BEE/vn —2&/m B9/uj ES/n TAEE/n F/c T~ RTFED/ns |BBE/n . /x 79/p Bfi)/r $T50/v &8/ n B5E/vn BRTEER/n iEAN/V
BT /n /v /v HH/nt B9/uj KF/nr §1/c BHE/V | /x33/p [3BA/a E0/nF/c IB/n . /xBEIE/n FHE/d®L/n |, /x&ERB/vn FREIBRFR_$RiE]_2
BE—25/d {88F /v @18 /n BtE/vn THE/vn (B B8 /a| BT/ . /xTE/p LA/f IEFE/nrfg R7E/n 9/p LY/ BE RiEkhE Positive 0200211_366.txt
/v IZIE/n Bt vn B9/uj BRRU/n . /x RBEE/n . /x BER/n . /x|EBE/n |, /x B/ IES/n TV EE/n Bi¥E/vn F0/c 2450/t ZTYr
ES/n . xER/nE/uBEN F/aER/NV |, /x3S/p HE /v | TIE/vn B/uj BEE/a BIE/V . /x EEBr/nt ESSW/n F/c AR EIBURF R _RE)_2
&5/ B5tE/vn 5/p EifFite/n RE/vn {EH/v /a| 9/n RIXS/v Fi5E/n Bi3/n &iE/n THE/vn S/n MBS BE ZiEbhiE Positive 0200214_455.txt
BE/n , XFTREE/MZB/MMIBR/n . /x AIER/n EF/vn
BREN LR/ | /xitdb/ns Z/m /0 B2V AZUn tB/d RBf/d| B/ 2B /v 3B/uv /n BEf7/n BEIR/n §RO/n F/u B5/n , /x
BN . xR B/ |, XET/n BB/ ERZ NV | /x| HREZHE/n 19/m AN/m E5/n XF0O/vn R/ #1EE /ns BR/p FREIBRFR_$hiE_2
B /vn B /n RV | I RBIIZ/n |, /x FHER/nt ES/a| HiX/ BE EiEkhE Positive 0200218_507.txt
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Future Work

e Part3: Sentiment analysis

e Baidu’s platform (Cheng, Wang, & Huang, 2021)
https://ai.baidu.com/tech/nlp _apply/sentiment_classify

* WAR metaphorical frames in the HK corpus

* Diachronic patterns
« RQ1: Which topics are discussed in government news on Covid-19 in Hong Kong and
Mainland China, and how do they change over time with the development of the pandemic?
 RQ2: How does the use of the pervasive figurative framing of WAR change over time?
 RQ3: What is the sentiment polarity of the government news on Covid-19 in Hong Kong and

Mainland China, and how does it change over time?
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