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Figure 1	plots	the	daily	counts	of	Tweets	using	COVID19	hashtags	(6	hashtags)	against	
the	number	of	cases	in	Singapore,	using	three	measures:	the	number	of	confirmed	
new	cases	announced	on	that	day,	the	cumulative	total	number	of	confirmed	cases,	
and	the	net	number	of	cases	(confirmed	cases	– cases	in	which	the	patient	has	been	
discharged	from	hospital).	Cases	discharged	from	hospital	are	sometimes	referred	to	
as	‘recovered’	in	the	media,	but	the	possibility	remains	of	incomplete	recovery	or	
relapse.

The	plot	shows	a	high	level	of	volatility	in	Twitter	attention	to	COVID19	with	daily	
rises	and	falls	in	Tweet	numbers	of	more	than	100%	on	some	days.	The	level	of	
activity	does	not	appear	to	be	correlated	with	overall	prevalence	of	the	coronavirus	in	
Singapore	or	with	the	number	of	hospitalised cases.	A	first	reading	of	this	could	be	
that	social	media	attention	to	the	issue	is	being	driven	by	other	factors	such	as	mood	
or	false	rumours,	or	by	the	level	of	attention	to	the	issue	in	traditional	media	or	
government	announcements.	

We	extend	the	analysis	within	the	constraints	of	the	data	available	to	consider	
whether	these	factors	appear	to	be	correlated	with	social	media	salience.
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Figure 2	plots	Twitter	salience	against	the	number	of	new	cases.	Here	we	see	a	strong	
correlation	between	the	number	of	new	cases	announced	and	the	level	of	Twitter	
salience	on	the	following	day.	This	relationship	appears	to	weaken	at	the	end	of	the	
period	under	study.	This	may	be	due	to	the	rapid	globalisation of	the	spread	of	the	
virus	at	this	time,	which	might	increase	the	influence	of	international	virus	prevalence	
information	on	salience	over	local	virus	prevalence.

This	strong	relationship	between	salience	and	number	of	new	cases	is	consistent	with	
the	emphasis	given	to	the	number	of	new	cases	as	a	key	indicator	in	government	
announcements	and	in	traditional	media	reporting	on	COVID19.	We	examine	this	
relationship	further	below	using	the	Facebook	LSC	data.
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Figure 3	shows	the	volatility	of	Twitter	attention	to	COVID19.	Two	particular	peaks	in	
attention	can	be	noted,	on	the	4-Feb,	when	the	number	of	Tweets	rose	148%	and	on	
9-Feb	when	they	rose	163%.	The	first	peak	coincides	with	reporting	of	the	first	case	
of	local	transmission	in	Singapore	and	follow	the	Prime	Minister’s	speech	and	the	
announcement	of	7	new	cases	on	8-Feb.	The	announcement	of	DORSCON	Orange	on	
7-Feb	and	the	panic-buying	on	the	evening	of	7-Feb	did	not	immediately	trigger	very	
high	levels	of	activity.	Number	of	Tweets	fell	39%	on	7-Feb	and	rose	41%	on	8-Feb.	

In	the	period	studied,	Twitter	salience	does	not	appear	to	be	self-sustaining.	
Increases	in	salience	are	sustained	for	a	maximum	of	two	days	before	declining	and	
there	is	only	one	instance	in	which	the	increase	in	salience	is	higher	than	on	the	
previous	day	(7-9	Feb),	which	would	indicate	issue	salience	momentum.	The	rapid	fall	
in	issue	salience	on	10-Feb	after	the	PM’s	speech	was	widely	reported	could	be	
interpreted	as	showing	the	effectiveness	of	this	intervention	in	reducing	public	
anxiety.	However,	given	the	large	number	of	factors	influencing	Twitter	activity	and	
the	limitations	of	the	data	available,	we	should	be	cautious	in	the	interpretation	of	
these	findings.	
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Figure	4 shows	the	predominance	of	keywords	evoking	negative	and	positive	
emotional	valence	in	virus-hashtag	Tweets	in	the	study	period.

Note	that	a	larger	set	of	keywords	were	used;	only	those	which	had	an	occurrence	
rate	of	>5	over	the	period	were	included.	

A	key	finding	is	that	there	are	more	positive	emotion	markers	than	negative	ones	
(62%	compared	to	38%).	This	gives	a	preliminary	indication	that	social	media	users	
may	seek	to	encourage	and	cheer	their	network	members	during	a	period	of	high	
uncertainty	as	much	if	not	more	than	to	draw	attention	by	sharing	shocking	or	fear-
inducing	stories.	This	would	be	consistent	with	a	tendency	to	seek	and	provide	
support	in	direct	personal	interactions	in	periods	in	which	external	risks	are	perceived	
to	be	high.
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We	turn	next	to	the	the	attention	paid	to	particular	issues	relating	to	the	virus.	

Masks:	The	issue	of	mask	availability,	hoarding	and	the	appropriate	use	of	masks	has	
been	widely	discussed	and	reported	on	since	the	outbreak	of	COVID19.	In	Singapore,	
a	surge	in	demand	led	to	a	shortage	of	masks	in	retail	outlets	in	late	January.	The	
government	then	announced	on	30-Jan	that	it	would	distribute	5.2	million	face	
masks,	providing	4	masks	per	household	at	no	charge	and	stated	that	there	was	no	
shortage	of	masks	in	Singapore,	given	appropriate	use.	At	the	same	time,	various	
government	agencies	were	advising	the	public	that	masks	were	not	necessary	unless	
one	was	sick.	Medical	experts	in	the	media	also	highlighted	the	limitations	of	masks	
to	prevent	contracting	the	virus	and	recommended	other	complementary	practices	of	
good	hygiene.	The	Twitter	data	suggests	that	masks	are	still	a	salient	issue	for	the	
public,	although	attention	to	the	issue	fell	after	the	government’s	announcement	
about	direct	distribution,	mentioned	in	more	than	200	Tweets	in	just	below	half	the	
days	in	the	period	of	data	collection.	Quarantine,	similarly,	is	an	issue	that	has	
attracted	continued	attention,	even	though	quarantine	directly	affects	only	a	very	
small	proportion	of	the	overall	population.	

“Local	transmission”	and	“airborne”:	These	two	issues	have	not	attracted	much	
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attention	on	Twitter.	They	both	show	a	single,	low	peak,	and	minimal	or	no	attention	
in	the	second	half	of	the	period	studied.	We	included	these	keywords	as	they	were	
the	subject	of	misleading/false	social	media	rumours	that	were	countered	by	
government,	either	through	POFMA	or	on	gov.sg.	While	these	interventions	may	have	
helped	to	reverse	the	momentum	of	these	rumours,	the	overall	reach	of	the	rumours	
on	Twitter	appears	to	have	been	low	in	any	case.
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Figure	6	examines in	more	detail	the	relationship	between	anxiety	and	
communications	interventions	by	government	to	contain	or	counter	falsehoods	or	
unnecessary	panic.	We	use	the	keyword	‘panic’	and	its	variants	as	a	proxy	for	anxiety.	
It	is	important	to	note	the	limitations	of	this	approach	in	attempting	to	assess	anxiety	
levels,	which	generates	both	Type	1	and	Type	2	erros.	On	the	one	hand,	the	keyword	
approach	captures	statements	evoking	a	calming	message	like	“no	need	to	panic.”	On	
the	other	hand,	it	excludes	a	wide	variety	of	other	terms	and	indicators	(e.g.	emojis)	
of	people’s	anxiety	levels.	Bearing	in	mind	these	limitations,	which	we	hope	to	
address	in	future	work,	we	can	see	that	‘panic’	has	peaked	on	three	occasions:	at	the	
time	of	the	mask	shortage,	when	the	government	announced	its	intention	to	provide	
a	limited	number	of	masks	directly	to	households,	on	the	first	cases	of	local	
transmission	and	at	the	end	of	the	period	under	study	when	information	on	the	rapid	
spread	of	the	virus	in	S.	Korea	became	available.	The	announcement	of	DORSCON	
Orange,	rumours of	DORSCON	red	and	their	correction,	had	little	apparent	positive	or	
negative	impact	on	anxiety	levels,	as	measured	by	the	keyword	‘panic.’

10



Figure	7	reports findings	on	the	number	of	Tweets	containing	keywords	relating	to
truth	value:	“Truth”,	“True”,	“Lie”,	“Fake”.	In	order	to	avoid	Type	1	errors	where	
Tweets	may	include	statements	like	“not	true”	or	“not	fake”,	we	instead	focused	on	
the	overall	engagement	with	truth	claims	on	Twitter	– “truth	value”.	We	did	this	by	
aggregating	all	tweets	with	the	aforementioned	keywords	as	an	indication	of	the	level	
of	engagement	with	fake	news,	rumours and	counter-information	to	fake	news	and	
rumours.

The	data shows	increases	in	Tweets	relating	to	truth	value	at	points	when	the	
question	of	whether	the	virus	is	airborne	was	an	issue,	and	during	DORSCON	related	
announcements	and	rumours. It	is	interesting	to	note the	low	engagement	on	Twitter	
with	truth	value	tweets	even	at	points	when	fake	news	was	at	its	height:	POFMA	1	
(SGP	out	of	masks),	POFMA	2	(local	transmission)	and	POFMA	3	(Woodlands	MRT	
closed	for	disinfection)	between	28-30	Jan.	
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Figure	8	plots	Twitter activity	with	economy-related	keywords. It	shows	an	increasing	
trend	towards	the	end	of	the	period	under	study,	with	more	activity	after reports	of	
significant	numbers	of	cases	in	S.Korea, followed	by	the	spread	to	Italy	and	the	US.
The	trend	in	“Stock	market”	Tweets	increases very	rapidly	after	COVID-19	cases	were	
reported in	Europe. Government	announcements	about	financial	aid	to	local	
businesses	were	not	widely	picked	up in	Twitter	activity. Overall,	we	note	that	the	
total	number	of	Tweets	using	these	keywords	is	low	throughout	the	period.	
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We	turn	next	to	examine	which	types	of	articles	from	traditional	media	people	are	
most	likely	to	share	with	their	network	of	contacts.	This	provides	an	indication	of	
whether	“sharing	is	caring”	or	“sharing	is	scaring.”	

We	posit	that	people	may	share	stories	in	order	to	provide	their	network	with	
objective	facts	relevant	to	personal	risk	assessment	(coded	as	RISK,	yellow);	stories	
about	actions	taken	by	government	in	response	to	the	evolving	situation	(coded	as	
RESPONSE,	orange);	primarily	affective	(emotional)	stories	of	admirable	behaviour or	
triumph,	or	conversely	of	deplorable	behaviour or	tragedy	(coded	as	AFFECT,	blue);	
articles	providing	guidance	from	experts/figures	of	authority	(OPINION);	stories	
referring	specifically	to	academic	studies	(SCIENCE).	Stories	not	falling	into	these	
categories	are	coded	as	OTHER,	green	– they	include	articles	on	the	effects	of	the	
virus	on	the	economy,	responses	of	the	public	to	the	virus	such	as	protests,	online	
petitions	or	panic-buying	and	general	interest	stories.

The	table	presents	the	top	10	articles	by	SLC	in	the	period	under	study	to	illustrate	
the	range	of	stories	that	are	shared	and	the	coding	process.	Stories	about	the	number	
of	cases,	like	the	top	3	stories	in	the	table	are	coded	as	RISK:	they	provide	potentially	
useful	information	on	risks	which	could	be	used	by	individuals	to	update	their	
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assessment	of	their	individual	risk	from	COVID19.	

Stories	4	&	6	are	concerned	with	the	government	response	to	the	crisis	(RESPONSE).	
From	the	data	available,	we	are	not	able	to	distinguish	between	stories	that	are	Liked	
and	those	that	are	shared	but	not	commended	by	the	user	and	so	once	again	we	
must	be	cautious	in	the	interpretation.

Story	5	is	concerned	with	the	death	of	a	doctor	“at	the	frontline”	of	the	outbreak	in	
China.	As	it	is	concerned	with	an	individual,	we	code	it	as	AFFECT.	

Story	8	is	related	to	the	virus	and	provides	some	insight	into	the	potential	origin	of	
the	virus,	but	is	not	directly	useful	for	risk	assessment.	It	is	coded	as	OTHER.

The	results	are	shown	in	Table	2	and	Figure	9.
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Figure	9	shows the	count	of	SLCs	(referred	to	as	‘Facebook	bandwidth’)	by	article	type	
following	the	codes	described	above.	It	shows	that	the	vast	majority	of	articles	(61%)	
receiving	attention	on	Facebook	are	those	that	primarily	provide	factual	information	
relevant	to	risk	assessment.	We	compare	the	predominance	of	risk-related	articles	
with	those	given	most	prominence	in	traditional	media.	For	this,	we	recorded	the	
Straits	Times	top	front-page	headline	for	each	day	of	the	period	under	study.	In	
contrast	to	social	media	activity,	we	find	that	the	majority	of	headlines	relate	to	
responses.	This	suggests	that	the	articles	people	choose	to	share	are	not	only	or	
primarily	driven	by	the	articles	that	media	outlets	give	most	prominence	but	may	be	
driven	by	other	factors,	including	those	that	they	feel	are	most	relevant	to	their	own	
risk	exposure.	It	would	be	interesting	to	explore	these	relationships	further	with	
additional	data.
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