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ABSTRACT

Introduction Widespread problems of psychological
distress have been observed in many countries following
the outbreak of COVID-19, including Australia. What

is lacking from current scholarship is a national-scale
assessment that tracks the shifts in mental health during
the pandemic timeline and across geographic contexts.
Methods Drawing on 244406 geotagged tweets in
Australia from 1 January 2020 to 31 May 2021, we
employed machine learning and spatial mapping
techniques to classify, measure and map changes in the
Australian public’s mental health signals, and track their
change across the different phases of the pandemic in
eight Australian capital cities.

Results Australians’ mental health signals, quantified

by sentiment scores, have a shift from pessimistic (early
pandemic) to optimistic (middle pandemic), reflected by
a174.1% (95% Cl 154.8 to 194.5) increase in sentiment
scores. However, the signals progressively recessed
towards a more pessimistic outlook (later pandemic) with
a decrease in sentiment scores by 48.8% (95% Cl 34.7 to
64.9). Such changes in mental health signals vary across
capital cities.

Conclusion We set out a novel empirical framework using
social media to systematically classify, measure, map
and track the mental health of a nation. Our approach is
designed in a manner that can readily be augmented into
an ongoing monitoring capacity and extended to other
nations. Tracking locales where people are displaying
elevated levels of pessimistic mental health signals provide
important information for the smart deployment of finite
mental health services. This is especially critical in a time
of crisis during which resources are stretched beyond
normal bounds.

INTRODUCTION

Globally, the outbreak of the COVID-19
pandemic has caused profound social and
economic impacts and threatens to create a
mental health crisis.' The public’s negative
sentiment (eg, depression, fear, sadness and
anxiety) toward COVID-19 has been observed

What is already known about this subject?

» Supplementary to survey-based assessments dom-
inantly used in mental health research, social media
data (eg, Twitter) provide a powerful source of in-
formation to track the signals of mental status indi-
vidually and the patterns of mental health signals of
aggregated populations.

» Current survey-based studies are subject to limit-
ed sampling sizes or lacking locational information
to map the spatial pattern of mental health, while
social media data-based studies primarily focus on
the early stage of the pandemic with case studies
dominantly in the USA.

» There is a pressing need to extend the mental health
assessment to a national scale and to a longer
timeline of the pandemic to reflect broad trends of
mental health, and to be implemented in Australia
where mental health issues in the COVID-19 are less
explored.

in studies in the USA,2 UK,3 Australia* and
China,” alongside a number of European
nations.® Furthermore, the elevated need for
mental health services has been reported,
although the increasing prevalence of vacci-
nation may act to lower the negativity toward
COVID-19.” As the United Nations’ policy
brief COVID-19 and the need for action
on mental health,8 it concluded that an
increased level of mental health crises in the
era of COVID-19 is a priority worth a prompt
response urgently planned by each country.
Australia, as the largest developed country
in the Southern Hemisphere, has invested
substantial efforts to control the virus spread,
although has been facing widespread prob-
lems of psychological distress that threatened
the public’s mental health especially at the
initial stage of the pandemic, according to
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What are the new findings?

» We find that the mental health signals of the Australian public who
used Twitter changed from being pessimistic in the early phase of
the pandemic (before 11 March 2020) to be optimistic during the
first 3months of the pandemic and furthermore optimistic at the
middle phase of the pandemic (11 March 2020-25 March 2021),
followed by a progressive recession towards a more pessimistic
outlook in the later phase of the pandemic (after 26 March 2021).

» More specifically, the feeling of fear accounted for the largest pro-
portion of emotion during the pandemic, which was mixed with joy,
anticipation and trust accounting for relatively larger proportions of
emotion than sadness and anger.

» Important geographic differences of public mental health signals by
the capital city were also observed. In the later phase of the pan-
demic, public mental health signals decreased toward pessimistic
(particularly fear and anger) most apparent in Darwin, followed by
Adelaide and Sydney.

» To the best of our knowledge, the current study represents the first
nationwide investigation using social media data with a large spa-
tial and temporal coverage to unveil broad trends in the public’s
mental health signals from the early phase to later phase of the
pandemic in Australia.

What do the new findings imply?

» We set out a novel empirical framework to systematically classify,
measure and map mental health signals of a nation, through which
the role of public health policy and mental health services in face of
the pandemic can be assessed.

» The utility of social media data enables us to reveal broad trends in
public mental health signals to supplement traditional survey-based
approaches.

» In the spirit of reproducibility, we share our methodological ap-
proach such that our empirical framework that will be readily aug-
mented into @ monitoring capacity and extended to other nations.

» Our study also provides the policy implications on delivering digital/
online mental health programmes and services to people in need,
and education on vaccine safety to diminish the public’s concern
and reluctance to vaccination.

the COLLATE (COvid-19 and you: mental. heaLth in
AusTralia now survEy) project.” However, what remains
unknown is a nationwide shift of mental health along the
different phases of the pandemic and across geographic
contexts.

Through a systematic search of the Web of Science,
PubMed, medRxiv, SSRN for articles published in
English and preprints of articles on COVID-19 and
mental health-related research, we found out that the
current research in mental health in the COVID-19
context has largely employed survey-based assessments,’
reporting the increase of person’s vulnerability to experi-
encing psychological distress in the early pandemic.* '™
However, these studies primarily focus on the early stage
of the pandemic and are subject to data drawbacks (eg,
under-representativeness and limited data coverage)
without the capability to reflect the universal trend
of public mental health along the full timeline of the

pandemic. Alternatively, social media data (eg, Twitter)
provides a potential powerful source of information for
mental health researchers on quantifying the psycholog-
ical reaction of a given population to a certain phenom-
enon. The use of both language and social expressions
readily observable in the qualitative content of social
media data are telling indicators of mental health,
providing important insights into the signals of senti-
ment and emotion individually to reflect the patterns
of mental signals of aggregated population.'* These
studies driven by social media data have used advanced
modelling techniques (eg, machine learning algorithms)
to investigate the public’s mental health signals toward
home schooling,” social restriction policies'® and vacci-
nation.'” However, they were limited to the early stage
of the pandemic and with case studies dominantly in
the USA. There is a pressing need to extend the mental
health assessment to a national scale and to a longer time-
line of the pandemic to reflect broad trends of mental
health, and to be implemented in Australia where mental
health studies in the COVID-19 are less explored.

To address knowledge deficits, this study aims to clas-
sify, measure and map changes in the public’s mental
health signals in Australia through 244406 geotagged
tweets (ie, tweets with location information, hereinafter
termed as geotweets) in Australia between the period
1 January 2020 and 31 May 2021. Employing machine
learning and spatial analytic techniques, we address three
questions: (1) ‘to what extent do the public’s mental
health signals change along the pandemic timeline?’, (2)
‘what are the topics or keywords discussed by the public
potentially associated with the change of mental health
signals?’ and (3) ‘to what extent do the public’s mental
health signals vary across capital cities?’. In doing so, this
study delineates the locales where people with elevated
levels of pessimistic mental health signals concentrate
and provides important information through which the
allocation of finite mental health facilities and services
can be deployed. Our study contributes the first inves-
tigation of mental health associated with COVID-19 in
Australia, offering a machine learning-based empirical
framework to unveil broad trends of the public’s mental
health signals shifting alongside the pandemic and goes
some way to enrich the requisite evidence necessary for
place-based mental health policy and planning.

METHODS

Data retrieval and post-processing

We use the Twitter academic full track application
programming interface (AFT-API) to search and retrieve
geotweets in Australia. Compared with the normal Twitter
API which returns 1% of the total tweets for data privacy
purposes, AFT-API enables us to fully retrieve tweets with
predefined queries and improve the data coverage and
representativeness.'® We defined the searching terms as
‘pandemic, epidemic, virus, COVID-19% coronavirus,
corona, and vaccin¥; the search timespan was defined
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as from 1 January 2020 to 31 May 2021 with the country
defined as ‘AU’ (Australia). Consequently, 244406
geotweets posted by 24296 Twitter users were retrieved
from the total+860 million tweets in Australia. The statis-
tical summary of geotweets across the capital cities and
pandemic phases is provided in online supplemental
appendix table A2. In order to investigate the change
of mental health signals over time, we further divided
the analytical timeline into four phases: phase 1 was the
early phase of the pandemic from 1 January 2020 to 10
March 2020—I1day before the announcement of the
global pandemic by WHO on 11 March 2020'; phase 2
was the first wave of the pandemic in Australia defined by
Wang et al”’ from 11 March 2020 to 15 June 2020 during
which COVID-19 cases spread out to each of the states in
Australia in tandem with a series of social restriction poli-
cies intensively implemented by governments at different
levels; phase $ was the second wave of the pandemic®
from 16 June 2020 to 25 March 2021 during which the
virus resurged dominantly in the State of Victoria; and
phase 4 was the later phase of the pandemic featured by
the implementation of mass vaccination, starting from 26
March 2021 when the COVID-19 vaccine, Pfizer, was first
approved in Australia® to 31 May 2021 when this study
was conducted. The individual-level geotweets were then
aggregated by day, week, phase and by capital city in the
modelling process at the later stage.

Machine learning models and mapping methods
We commence with a sentiment analysis by the Valence
Aware Dictionary for sEntiment Reasoning (VADER), a
machine learning model (online supplemental appendix
section 2.1) to estimate sentiment compound scores
(SCS) ranging between -1 (extremely negative) and +1
(extremely positive).”* Such SCS were further reclassi-
fied to represent three general trends of mental health
signals based on the threshold of 0.5 and -0.5 as the
75% and 25% quantiles: optimistic (SCS >0.5), neutral
(-0.5<SCS<0.5) or pessimistic (SCS <-0.5). It was
followed by an emotion analysis by the National Research
Council Canada Lexicon model (online supplemental
appendix section 2.2) to detail the optimistic and pessi-
mistic mental health signals to eight types of emotions,*
including joy, trust, anticipation and surprise as opti-
mistic signals as well as fear, anger, sadness and disgust as
pessimistic signals. Each type of emotion was measured as
a percentage indicating the proportion of geotweets with
such emotion accounted for the total geotweets. Then,
SCS and emotion percentage were analysed on daily and
weekly basis at the national level. We then employed a
word cloud mapping®* (online supplemental appendix
section 2.3) to visualise the popular keywords discussed
by the public based on the frequency of keywords and
compared these keywords over four phases to speculate
the episodic events potentially associated with the change
of the public’s mental health signals over time.

In order to reveal the spatial variation of mental
health signals, we located geotweets by their geographic

coordinates (online supplemental appendix section 1).
Given 82.2% of geotweets were located within the Great
Metropolitan Areas (GMA) of state/territory capital cities
where 67.7% of Australians inhabit,” our spatial analysis
focused on the eight GMA of capital cities, including
Greater Sydney, Melbourne, Brisbane, Perth, Adelaide,
Darwin, Hobart and Canberra (ie, Australian Capital
Territory). We employed a kernel density mapping
approach® (online supplemental appendix section 2.4)
to reveal the hotspot of optimistic signals (where opti-
mistic tweets were concentrated) and the coldspot of
pessimistic signals (where pessimistic tweets were concen-
trated). We then compared the eight types of emotion at
the capital city level over four phases to unveil the change
of mental health signals along the whole timeline of the
pandemic.

Patient and public involvement
Not applicable

RESULTS

Temporal change of mental health signals from the early
phase to later phase of the pandemic

Figure 1 reveals the temporal change of mental health
signals reflected by the sentiment score and eight
types of emotion along the timeline of the pandemic.
The sentiment score in the early phase of pandemic
(mean=-0.043, 95% CI -0.052 to —0.034, online supple-
mental appendix table A3) increased by 174.1% to
(mean=0.058, 95% CI 0.055 to 0.062) in the first wave
of the pandemic and further increased by 9.4% in the
second wave (mean=0.064, 95% CI 0.061 to 0.066), indi-
cating that the public’s mental health signals changed
from being relatively pessimistic in the first wave of the
pandemic to being more optimistic during the pandemic.
It is possibly due to that the implementation of policy
interventions effectively controlling the virus spread,
which were backed by decreasing numbers of confirmed
COVID-19 cases alongside the introduction of social secu-
rity payments (eg, the JobKeeper scheme)?’ that together
were implemented from 30 March onward. The govern-
ment’s effective action on controlling virus transmission
and supporting business/employed persons affected by
the significant economic impact of the COVID-19 can
be seen as to have boosted morale and improved posi-
tive sentiment. However, the sentiment score in the later
phase of the pandemic has a sharp decrease by 48.8%
(95% CI 34.7 to 64.9) from 26 March 2021 to 11 April
2021 (figure 1A), possibly associated with the concern
and redundancy of vaccination reflected by the later
word cloud mapping (figure 2), for example, the side
effects from AstraZeneca.™ When we further detail the
optimistic and pessimistic mental health signals into eight
types of emotion (figure 1A), fear accounts for the largest
proportion of emotion (21.52%, 95% CI 20.82 to 22.27,
online supplemental appendix table A4) in the early
phase of the pandemic, although its proportion decreases
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Figure 1 Temporal change of the public’s (A) sentiment score and (B) emotion by type over four phases. Note: data before 11
January 2020 were excluded given the number of geotweets on these days was less than 30 per day.

from the early phase to the first wave of the pandemic
meanwhile the proportions of optimistic signals (ie, trust,
anticipation and joy) increase. During the pandemic,
fear still accounts for the largest proportion (18.57% in
phase 2 and 19.21% in phase 3), followed by trust, antic-
ipation, sadness, joy, anger, surprise and disgust (online
supplemental appendix table A4). In the later phase of
the pandemic, fear has an obvious increase to the peak
of 24.24% on 21 May 2021 and all other types of emotion
have no substantial changes over time.

In the word cloud maps (figure 2) with word frequen-
cies detailed in online supplemental appendix table A5,
optimistic mental health signals emerge in the keywords
of ‘great, help, love, thank, need, good, time, well, best
and australia’ in the early phase of the pandemic. Among
them, the size of the keywords ‘thank, good, great, need
and love’ grows in the first wave of the pandemic, indi-
cating the rising popularity of such words being discussed

and are potentially associated with the increase of opti-
mistic mental signals in the first wave of the pandemic
as depicted in figure 1. Optimistic keywords in the later
phases include ‘support, love, good, thank, great, vaccine
and need’ and ‘vaccine’ become increasingly frequent
toward the later phase of the pandemic. In contrast,
pessimistic mental health signals in the early phase of
the pandemic emerge in the keywords of ‘china, panic,
crisis, kill, spread, bad, outbreak, infect, death, die and
fear’ as well as ‘toilet paper’, which potentially associ-
ates with the panic shopping in February 2020 and early
March 2020 (Wang et al).** Among these keywords, the
size of ‘die, bad, Kkill, crisis and death’ increases in the
first wave of the pandemic with the newly emerging
keywords such as ‘lockdown’ and ‘trump’. In the second
wave of the pandemic, the size of ‘trump, kill, die and
death’ has no substantial change, with emerging ‘victoria
state’, where the second wave of the pandemic mainly
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Figure 2 Keywords potentially related to optimistic and pessimistic mental health signals over four phases.

attacked. Pessimistic mental health signals in the later
phase of the pandemic are dominantly associated with
the ‘vaccine and vaccinate’, followed by ‘fail, india, die
and lockdown’, indicating the mass vaccination that
started after March 2021 in Australia may intertwine with
the pessimistic feeling, potentially explained by the safety
concern and redundancy toward COVID-19 vaccines.” It
is worth noting that some words (eg, Tockdown, quaran-
tine’) appear frequently in both optimistic geotweets (eg,
‘I support lockdown orders’ and ‘Quarantine makes our
community safe and protected’) and pessimistic geot-
weets (eg, “The continuous lockdown sucks!” and ‘Quar-
antine makes me frustrated’), given they are intensively
discussed.

Spatial variation of mental health signals in Australian capital
cities

The spatial variations of mental health signals are distinct
across capital cities (figure 3) with the hotspots of opti-
mistic signals (the concentration of optimistic geotweets)
shown as red spots, whereas coldspots (the concentration
of pessimistic geotweets) are shown as blue spots. Some
hotspots of optimistic signals are observed in the inner
city of Darwin (sentiment score=0.61, online supple-
mental appendix table A6), Perth (sentimentscore=0.91),
Adelaide (sentiment score=0.87), Melbourne (sentiment
score=0.92) and Canberra (sentiment score=0.93), while
hotspots appear in western suburbs of Brisbane (eg,
Chapel Hill (sentiment score=0.97)) and western and
eastern suburbs of Sydney (eg, Springwood (sentiment
score=0.98)). In the contrast, the coldspots of pessi-
mistic signals are concentrated in Galston—-Laughtondale
(sentiment score=—0.67) and Berowra—Brooklyn—-Cowan
(sentiment score=—0.71) northwest to Sydney inner city,
in Brookfield, Kenmore Hills (-0.85), west to the Bris-
bane inner city, in and around Darwin airport (sentiment
score=-0.61), and in Greenway (sentiment score=-0.54)

of Canberra, whereas such coldspots are more dispersedly
distributed in Melbourne, Perth, Adelaide and Hobart.

The change of mental health signals over four phases
is further examined in online supplemental appendix
tables A6,7. In the early phase of the pandemic, pessi-
mistic mental health signals are most apparently observed
in Adelaide (sentiment score=—0.11, 95% CI -0.19 to
—0.03, online supplemental appendix table A6), followed
by Melbourne (sentiment score=—0.08, 95% CI -0.13 to
—0.03) and Brisbane (sentimentscore=-0.05,95% CI-0.11
to 0.01). The public’s mental health signals in the first
wave of the pandemic have been improved in all capital
cities with the increased sentiment score most apparently
in Perth (218.8%, online supplemental appendix table
A7) and least apparently in Hobart (34.8%). From the
first wave to the second wave of the pandemic, the mental
health signals have been decreased most apparently in
Darwin by -111.5%, followed by Adelaide (-76.1%) and
Sydney (-16.2%), whereas the increase appears most
apparently in Canberra by 33.7%, followed by Perth
(31.9%) and Melbourne (12.2%). From the second wave
of the pandemic to the later phase of the pandemic, the
increase of mental health signals only remains in Perth
(increase by 104.1%) and Hobart (36.3%).

The changes of emotion by type in each capital city are
compared across four phases (figure 4; online supple-
mental appendix tables A8-12). From the early phase
to the first wave of the pandemic, there are substantial
increases of joy, anticipation and trust in Sydney (2.91%
for joy, 1.91% for anticipation and 2.10% for trust; online
supplemental appendix table A12), Melbourne (2.37%
for joy, 0.79% for anticipation and 2.25% for trust), Bris-
bane (1.74% for joy, 2.37% for anticipation and 3.37%
for trust), Perth (1.67% for joy, 0.75% for anticipation
and 1.71% for trust) and Adelaide (1.95% for joy, 2.35%
for anticipation and 3.01% for trust). Meanwhile, there
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Figure 3 Kernel density estimates of optimistic and pessimistic mental health signals in eight capital cities.

are significant decreases of fear and disgust in Sydney
(-2.14% for fear and -2.88% for disgust), Melbourne
(-2.56% for fear and -2.19% for disgust), Brisbane
(-2.30% for fear and -3.72% for disgust), Perth (-1.88%
for fear and -2.09% for disgust) and Adelaide (-1.31%
for fear and -4.22% for disgust). In contrast, the decrease
of joy, anticipation and trust and the increase of fear and
anger are observed in all capital cities (except Hobart)
from the first wave to the second wave of the pandemic.
From the second wave of the pandemic to the later phase
of the pandemic, it is harder to generalise the changing
pattern of optimistic and pessimistic mental health

signals, given the mixed fluctuations of emotional types
across capital cities.

DISCUSSION

This study represents the first nationwide assessment of
the public’s mental health signals in Australia. We find
that the public’s mental health signals shifted from being
relatively pessimistic in the early phase of the pandemic
before March 2020 to being optimistic in the first wave of
the pandemic and further more optimistic in the second
wave of the pandemic, although a progressive recession
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of mental health signals was observed in the later phase
of the pandemic after the mass COVID-19 vaccination
started after March 2021, possibly associated with the
concern and reluctance to vaccination. More specifically,
the feeling of fear accounted for the largest proportion
of emotion during the pandemic, mixed with joy, antic-
ipation and trust. Compared with the early phase of
the pandemic, the public’s mental health signals in the
first wave of the pandemic increased toward optimistic
(in particular joy, anticipation and trust) in all capital
cities, most apparently in Perth and least apparently in
Hobart. In the second wave of the pandemic, the public’s
mental health signals decreased toward pessimistic (in
particular fear and anger) most apparently in Darwin,
followed by Adelaide and Sydney. Moreover, pessimistic
mental health signals resurged slightly in most capital
cities (except Perth and Hobart) in the later phase of the
pandemic possibly due to the public concern and reluc-
tance against vaccination.

A number of survey-based studies in Australia have
attempted to evaluate the public’s mental health signals
toward COVID-19, indicating that mental problems
were widespread in the early stage of the pandemic
(ie, increased psychological distress, health anxiety and

contamination fears).*""™* It is in line with our findings
to some degree that the public’s mental health signals
tend to be pessimistic in the early phase before March
2020. The feeling of fear remains at a relatively higher
level in the early phase and the first wave of the pandemic,
coupled with the anxiety and sadness potentially associ-
ated with panic shopping, infection and life loss. What
we add to the literature is the finding that the public’s
mental health signals toward COVID-19 at the national
level have been changed from being relatively pessimistic
in the early phase to being optimistic in the first wave of
the pandemic and further more optimistic in the later
phases. This finding may reflect that the prompt actions
and efforts made by governments to control virus spread
and to build up public confidence and positivity toward
the pandemic,?’” releasing their worries and mental
stresses to some degree.

With the advantage of social media data containing
location information, we further contribute a spatial
investigation of mental health signals across eight Austra-
lian capital cities by delineating the locales highly subject
to pessimistic mental health signals. It is surprising to see
that people in Melbourne where the second wave of the
pandemic dominantly attacked have not experienced
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a decreased level of mental health signals, possibly to
further speculate that the adverse effect of COVID-19
on the public’s mental health tends to diminish progres-
sively to be marginal after multiple resurges that are rela-
tively minor in scales and effects. In addition, pessimistic
mental health signals emerge slightly in most capital
cities (except Perth and Hobart) in the later phase
of the pandemic when the mass vaccination started,
possibly associated with public concern and reluctance to
COVID-19 vaccines.*

Public health implications

We set out a novel empirical framework to systematically
classify, measure and map the mental health signals of a
nation, through which the role of public health policy
and mental health services in face of the pandemic can
be assessed. The provision of mental health services and
the implementation of mental health policies need to
adjust at different phases of the pandemic. Digital health
platforms and diverse channels (eg, text messaging,
mobile health applications, telehealth and telemedicine)
to deliver mental health services need to be incorporated
to guide through the public’s mental status.” The key
contribution of our study is for the delineation of when
and where people are displaying higher levels of pessi-
mistic mental health signals provides important informa-
tion through which the allocation of finite mental health
facilities and services can be deployed. Government and
health authorities can use our empirical framework,
supported by our methodological workflow shareable
to the public (online supplemental appendix sections
2.5), to long-term track the public’s mental health in and
beyond the pandemic period and to develop strategies
and guidelines on mental health in face of future public
health emergencies.

In response to the Australian’s vaccine hesitancy poten-
tially associated with the resurge of pessimistic mental
health signals in the later phase of the pandemic after 26
March 2021, healthcare providers are suggested to design
and deliver more effective vaccine campaigns in (1)
addressing the concerns of the side effects of approved
vaccines,” (2) encouraging the public to get vaccinated
through multiple channels, including social media
platforms (eg, Twitter), and (3) delivering educational
information about vaccination in the vaccine-pessimistic
locales identified in our study.

The results of this study should be interpreted in light
of several important limitations. First is that Twitter users
may not fully reflect the characteristics of the general
population as noted by many studies.”” The elderly and
those who have limited access to digital devices and
social media are underrepresented in this study. Second,
we need to acknowledge that sentiment and emotion
detected by Twitter data are based on direct responses
from Twitter users. Whether users’ genuine thoughts
comply with what they express in tweets (ie, the trustwor-
thiness and credibility) deserves further investigation.
Third, given the complexity of human emotion, efforts

are highly encouraged to extend from the eight types of
emotion in our study to more types. Finally, we only analyse
tweets written in English as English is the most spoken
language in Australia. Future works need to consider
incorporating multilinguistic tweets to improve repre-
sentativeness when investigating non-English residents in
Australia or other countries beyond. We call for future
research to extend our empirical framework to investi-
gate mental health of broader populations by using data-
sets with a higher representativeness (eg, mobile signal
data) and containing multilanguages to render our find-
ings comparable with observations in other geographic
contexts. Our findings can also be complemented and
calibrated by longitudinal survey data collected at various
spatial scales where further endeavours can be made.

In a summary, our study unveils broad trends in the
public’s mental health signals in Australia and across
Australian capital cities throughout the different phases
of the pandemic. More specifically, it offers a novel
empirical framework to classify, measure, map and track
the mental health signals of a nation in a manner that
can readily be augmented into an ongoing monitoring
capacity and extended to other nations through accessing
our open-source analytical framework. Tracking locales
where people are displaying elevated levels of pessimistic
mental health signals provide important information for
the smart deployment of finite mental health services.
These new insights provide evidence for guiding public
health policy and directing mental health services in the
COVID-19 era and beyond.

Author affiliations

'School of Earth and Environmental Sciences, The University of Queensland, Saint
Lucia, Queensland, Australia

2Department of Geosciences, University of Arkansas, Fayetteville, Arkansas, USA
®Department of Geography, Oklahoma State University, Stillwater, Oklahoma, USA
“Department of Nutrition and Health Science, Ball State University, Muncie, Indiana,
USA

SGeoinformation and Big Data Research Laboratory, Department of Geography,
University of South Carolina, Columbia, South Carolina, USA

®Big Data Health Science Center, University of South Carolina, Columbia, South
Carolina, USA

"School of Health and Rehabilitation Sciences, The University of Queensland - Saint
Lucia Campus, Saint Lucia, Queensland, Australia

8Epidemiology and Biostatistics, Arnold School of Public Health, University of South
Carolina, Columbia, South Carolina, USA

®Health Promotion, Education, and Behavior, Arnold School of Public Health,
University of South Carolina, Columbia, South Carolina, USA

Acknowledgements We thank the anonymous reviewers for their insightful
comments that significantly improved the manuscript.

Contributors SW: conceptualisation; methodology; software; validation;

formal analysis; investigation; writing—original draft; visualisation; and project
administration. XH: methodology; software; validation; data curation; writing—
original draft; and visualisation. TH: methodology; software; data curation; and
writing—review and editing. MZ: investigation and writing—original draft. ZL: data
curation; writing—review and editing; funding acquisition; and supervision. HN:
data curation and writing—review and editing. JC: conceptualisation and writing—
review and editing. AK, JZ and XL: writing—review and editing. YL: writing—review
and editing; and supervision. SW: guarantor.

Funding This work was supported by National Institutes of Health (grant number:
3R01AI127203-04S1), National Science Foundation (grant number: 2028791) and
University of South Carolina COVID-19 Internal Funding Initiative (grant number:

8

Wang S, et al. BMJ Global Health 2022;7:6007081. doi:10.1136/bmjgh-2021-007081

1ybuAdoo Ag paroalold
‘pueisusand wiBYINOS Jo AusiaAun 1e €20z ‘2z Areniga4 uo jwod fwig yby/:dny woiy papeojumoq "zz0g Arenuer 0z Uo T80.00-T20zZ-UBlwa/9eTT 0T Se paysiignd 1s1y :yieaH qo|9 rINg


https://dx.doi.org/10.1136/bmjgh-2021-007081
https://dx.doi.org/10.1136/bmjgh-2021-007081
http://gh.bmj.com/

8 BMJ Global Health

135400-20-54176). The funders had no role in study design, data collection and
analysis, decision to publish or preparation of this article.

Map disclaimer The inclusion of any map (including the depiction of any
boundaries therein), or of any geographic or locational reference, does not imply the
expression of any opinion whatsoever on the part of BMJ concerning the legal status
of any country, territory, jurisdiction or area or of its authorities. Any such expression
remains solely that of the relevant source and is not endorsed by BMJ. Maps are
provided without any warranty of any kind, either express or implied.

Competing interests None declared.

Patient consent for publication Not applicable.

Ethics approval This study does not involve human participants.
Provenance and peer review Not commissioned; externally peer reviewed.

Data availability statement Data are available upon reasonable request. Twitter
data at the aggregated level can be shared through direct requests to the author.
The analytical workflow embedding all models used in this study can be accessed
via 10.6084/m9.figshare.14985153. Users can run it via an open-source software,
KNIME (https://www.knime.com/).

Supplemental material This content has been supplied by the author(s). It has
not been vetted by BMJ Publishing Group Limited (BMJ) and may not have been
peer-reviewed. Any opinions or recommendations discussed are solely those

of the author(s) and are not endorsed by BMJ. BMJ disclaims all liability and
responsibility arising from any reliance placed on the content. Where the content
includes any translated material, BMJ does not warrant the accuracy and reliability
of the translations (including but not limited to local regulations, clinical guidelines,
terminology, drug names and drug dosages), and is not responsible for any error
and/or omissions arising from translation and adaptation or otherwise.

Open access This is an open access article distributed in accordance with the
Creative Commons Attribution Non Commercial (CC BY-NC 4.0) license, which
permits others to distribute, remix, adapt, build upon this work non-commercially,
and license their derivative works on different terms, provided the original work is
properly cited, appropriate credit is given, any changes made indicated, and the
use is non-commercial. See: http://creativecommons.org/licenses/by-nc/4.0/.

ORCID iDs

Sigin Wang http://orcid.org/0000-0002-1809-7088
Xiao Huang http://orcid.org/0000-0002-4323-382X
Zhenlong Li http://orcid.org/0000-0002-8938-5466

REFERENCES

1 Cullen W, Gulati G, Kelly BD. Mental health in the COVID-19
pandemic. Int J Med 2020;113:311-2.

2 Czeisler Mark E, Lane R, Petrosky E, et al. Mental health, substance
use, and suicidal ideation during the COVID-19 Pandemic -

United States, June 24-30, 2020. MMWR Morb Mortal Wkly Rep
2020;69:1049-57.

3 Carr MJ, Steeg S, Webb RT, et al. Effects of the COVID-19 pandemic
on primary care-recorded mental illness and self-harm episodes
in the UK: a population-based cohort study. Lancet Public Health
2021;6:¢124-35.

4 Tan EJ, Meyer D, Neill E, et al. Considerations for assessing the
impact of the COVID-19 pandemic on mental health in Australia.
Aust N Z J Psychiatry 2020;54:1067-71.

5 Liu S, Yang L, Zhang C, et al. Online mental health services in China
during the COVID-19 outbreak. Lancet Psychiatry 2020;7:e17-18.

6 Hummel S, Oetjen N, Du J, et al. Mental health among medical
professionals during the COVID-19 pandemic in eight European
countries: cross-sectional survey study. J Med Internet Res
2021;23:e24983.

7 HuT, Wang S, Luo W, et al. Revealing public opinion towards
COVID-19 vaccines using Twitter data in the United States: a
spatiotemporal perspective 2021, 2021. Available: https://www.jmir.
org/2021/9/e30854

8 United Nations. Policy brief: COVID-19 and the need for action on
mental health 2020, 2020. Available: https://unsdg.un.org/sites/

20

21

22

23

24

25

26

27

28

29

30

default/files/2020-05/UN-Policy-Brief-COVID-19-and-mental-health.
pdf [Accessed 10 Jul 2021].

Balcombe L, De Leo D. An integrated blueprint for digital mental
health services amidst COVID-19. JMIR Ment Health 2020;7:€21718.
Newby JM, O'Moore K, Tang S, et al. Acute mental health
responses during the COVID-19 pandemic in Australia. PLoS One
2020;15:e0236562.

Tran TD, Hammarberg K, Kirkman M, et al. Alcohol use and mental
health status during the first months of COVID-19 pandemic in
Australia. J Affect Disord 2020;277:810-3.

Van Rheenen TE, Meyer D, Neill E, et al. Mental health status of
individuals with a mood-disorder during the COVID-19 pandemic in
Australia: initial results from the COLLATE project. J Affect Disord
2020;275:69-77.

Fisher JRW, Tran TD, Hammarberg K, et al. Mental health of people
in Australia in the first month of COVID -19 restrictions: a national
survey. Medical Journal of Australia 2020;213:458-64.
Coppersmith G, Dredze M, Harman C. Quantifying mental health
signals in Twitter. Proceedings of the workshop on computational
linguistics and clinical psychology: From linguistic signal to clinical
reality 2014:51-60.

Ewing L-A, Vu HQ. Navigating ‘Home Schooling’ during COVID-19:
Australian public response on Twitter. Medla International Australia
2021;178:77-86.

Zhou J, Zogan H, Yang S, et al. Detecting community depression
dynamics due to covid-19 pandemic in Australia. IEEE Trans Comput
Soc Syst 2021;8:982-91.

Kwok SWH, Vadde SK, Wang G. Tweet topics and sentiments
relating to COVID-19 vaccination among Australian Twitter users:
machine learning analysis. J Med Internet Res 2021;23:€26953.
Twitter API - academic research product track 2020. Available:
https://developer.twitter.com/en/products/twitter-api/academic-
research [Accessed 10 Jul 2021].

World Health Organisation. Timeline: WHO’s COVID-19 response
2020. Available: https://www.who.int/emergencies/diseases/novel-
coronavirus-2019/interactive-timeline?gclid=CjwKCAjwrPCGBhAL
EiwAUI9X00jiibnHDf4szy1ksRSyYpcrMoODHofnLsCQaOjorVMC
a2sTyLW_rRoCIlIQAvD_BwE#event-115 [Accessed 10 Jul 2021].
Wang S, Liu Y, Hu T. Examining the change of human mobility
adherent to social restriction policies and its effect on COVID-19
cases in Australia. Int J Environ Res Public Health 2020;17:7930.
Therapeutic Goods Administration. COVID-19 vaccine: Pfizer
Australia - COMIRNATY BNT162b2 (mRNA) 2021. Available: https://
www.tga.gov.au/covid-19-vaccine-pfizer-australia-comirnaty-
bnt162b2-mrna [Accessed 10 Jul 2021].

Hutto C, Gilbert E. Vader: a parsimonious rule-based model

for sentiment analysis of social media text. Proceedings of

the International AAAI Conference on Web and Social Media
2014;8:216-25.

Mohammad SM, Kiritchenko S, Zhu X. NRC-Canada: building the
state-of-the-art in sentiment analysis of tweets. arXiv 2013 https://
arxiv.org/pdf/1308.6242.pdf

Oesper L, Merico D, Isserlin R, et al. WordCloud: a Cytoscape plugin
to create a visual semantic summary of networks. Source Code Biol
Med 2011;6:1-4.

Australian Bureau of Statistics. Regional population 2020. Available:
https://www.abs.gov.au/statistics/people/population/regional-
population/latest-release#capital-cities [Accessed 10 Jul 2021].
Botev ZI, Grotowski JF, Kroese DP. Kernel density estimation via
diffusion. Ann Stat 2010;38:2916-57.

Australian Government - The Treasury. JobKeeper payment.
Available: https://treasury.gov.au/coronavirus/jobkeeper [Accessed
10 Jul 2021].

Department of Health, Australian Government. Specific clotting
condition reported after COVID-19 vaccination 2021. Available:
https://www.tga.gov.au/media-release/specific-clotting-condition-
reported-after-covid-19-vaccination [Accessed 10 Jul 2021].

Biddle N, Edwards B, Gray M. Vaccine willingness and concerns

in Australia: August 2020 to April 2021, 2021. Available: https://
csrm.cass.anu.edu.au/sites/default/files/docs/2021/5/Vaccine_
willingness_and_concerns_in_Australia_-_August_2020_to_April_
2021.pdf

Huang X, Li Z, Jiang Y, et al. Twitter reveals human mobility
dynamics during the COVID-19 pandemic. PLoS One
2020;15:€0241957.

Wang S, et al. BMJ Global Health 2022;7:¢007081. doi:10.1136/bmjgh-2021-007081

1ybuAdoo Ag paroalold
"puejsusand wIsyINos Jo AusiaAlun 1e €20z ‘£z Arenigad uo /wod lwg yby/:dny woly pspeojumoq "Zz0z Arenuer 0z uo T80/00-TZ0Z-Ublwa/9eTT 0T Se paysiand 11y :yiesH qo| (NG


https://www.knime.com/
http://creativecommons.org/licenses/by-nc/4.0/
http://orcid.org/0000-0002-1809-7088
http://orcid.org/0000-0002-4323-382X
http://orcid.org/0000-0002-8938-5466
http://dx.doi.org/10.1093/qjmed/hcaa110
http://dx.doi.org/10.15585/mmwr.mm6932a1
http://dx.doi.org/10.1016/S2468-2667(20)30288-7
http://dx.doi.org/10.1177/0004867420947815
http://dx.doi.org/10.1016/S2215-0366(20)30077-8
http://dx.doi.org/10.2196/24983
https://www.jmir.org/2021/9/e30854
https://www.jmir.org/2021/9/e30854
https://unsdg.un.org/sites/default/files/2020-05/UN-Policy-Brief-COVID-19-and-mental-health.pdf
https://unsdg.un.org/sites/default/files/2020-05/UN-Policy-Brief-COVID-19-and-mental-health.pdf
https://unsdg.un.org/sites/default/files/2020-05/UN-Policy-Brief-COVID-19-and-mental-health.pdf
http://dx.doi.org/10.2196/21718
http://dx.doi.org/10.1371/journal.pone.0236562
http://dx.doi.org/10.1016/j.jad.2020.09.012
http://dx.doi.org/10.1016/j.jad.2020.06.037
http://dx.doi.org/10.5694/mja2.50831
http://dx.doi.org/10.1177/1329878X20956409
http://dx.doi.org/10.1109/TCSS.2020.3047604
http://dx.doi.org/10.1109/TCSS.2020.3047604
http://dx.doi.org/10.2196/26953
https://developer.twitter.com/en/products/twitter-api/academic-research
https://developer.twitter.com/en/products/twitter-api/academic-research
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/interactive-timeline?gclid=CjwKCAjwrPCGBhALEiwAUl9X00jiibnHDf4szy1ksRSyYpcrMo0DHofnLsCQaOj0rVMCa2sTyLW_rRoCllIQAvD_BwE#event-115
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/interactive-timeline?gclid=CjwKCAjwrPCGBhALEiwAUl9X00jiibnHDf4szy1ksRSyYpcrMo0DHofnLsCQaOj0rVMCa2sTyLW_rRoCllIQAvD_BwE#event-115
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/interactive-timeline?gclid=CjwKCAjwrPCGBhALEiwAUl9X00jiibnHDf4szy1ksRSyYpcrMo0DHofnLsCQaOj0rVMCa2sTyLW_rRoCllIQAvD_BwE#event-115
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/interactive-timeline?gclid=CjwKCAjwrPCGBhALEiwAUl9X00jiibnHDf4szy1ksRSyYpcrMo0DHofnLsCQaOj0rVMCa2sTyLW_rRoCllIQAvD_BwE#event-115
http://dx.doi.org/10.3390/ijerph17217930
https://www.tga.gov.au/covid-19-vaccine-pfizer-australia-comirnaty-bnt162b2-mrna
https://www.tga.gov.au/covid-19-vaccine-pfizer-australia-comirnaty-bnt162b2-mrna
https://www.tga.gov.au/covid-19-vaccine-pfizer-australia-comirnaty-bnt162b2-mrna
http://dx.doi.org/1308.6242%202013
https://arxiv.org/pdf/1308.6242.pdf
https://arxiv.org/pdf/1308.6242.pdf
http://dx.doi.org/10.1186/1751-0473-6-7
http://dx.doi.org/10.1186/1751-0473-6-7
https://www.abs.gov.au/statistics/people/population/regional-population/latest-release#capital-cities
https://www.abs.gov.au/statistics/people/population/regional-population/latest-release#capital-cities
http://dx.doi.org/10.1214/10-AOS799
https://treasury.gov.au/coronavirus/jobkeeper
https://www.tga.gov.au/media-release/specific-clotting-condition-reported-after-covid-19-vaccination
https://www.tga.gov.au/media-release/specific-clotting-condition-reported-after-covid-19-vaccination
https://csrm.cass.anu.edu.au/sites/default/files/docs/2021/5/Vaccine_willingness_and_concerns_in_Australia_-_August_2020_to_April_2021.pdf
https://csrm.cass.anu.edu.au/sites/default/files/docs/2021/5/Vaccine_willingness_and_concerns_in_Australia_-_August_2020_to_April_2021.pdf
https://csrm.cass.anu.edu.au/sites/default/files/docs/2021/5/Vaccine_willingness_and_concerns_in_Australia_-_August_2020_to_April_2021.pdf
https://csrm.cass.anu.edu.au/sites/default/files/docs/2021/5/Vaccine_willingness_and_concerns_in_Australia_-_August_2020_to_April_2021.pdf
http://dx.doi.org/10.1371/journal.pone.0241957
http://gh.bmj.com/

	The times, they are a-changin’: tracking shifts in mental health signals from early phase to later phase of the COVID-­19 pandemic in Australia
	Abstract
	Introduction﻿﻿﻿﻿
	Methods
	Data retrieval and post-processing
	Machine learning models and mapping methods
	Patient and public involvement

	Results
	Temporal change of mental health signals from the early phase to later phase of the pandemic
	Spatial variation of mental health signals in Australian capital cities

	Discussion
	Public health implications

	References


