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This study establishes a novel empirical framework using machine learning techniques 
to measure the urban-regional disparity of the public’s mental health signals in Australia 
during the pandemic, and to examine the interrelationships amongst mental health, demo-
graphic and socioeconomic profiles of neighbourhoods, health risks and healthcare access. 
Our results show that the public’s mental health signals in capital cities were better than 
those in regional areas. The negative mental health signals in capital cities are associated 
with a lower level of income, more crowded living space, a lower level of healthcare avail-
ability and more difficulties in healthcare access.
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Introduction

The COVID-19 pandemic and the policies im-
plemented to control the spread of the virus 
have created stressful situations and chal-
lenges around the world, including the fear of 

contracting the virus, financial and employment 
losses, and government-mandated restrictions on 
movement and physical and social interactions 
(Betsch, 2020). These challenges are particularly 
detrimental to the mental health of individuals. 
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The effects of COVID-19 on people’s mental 
health may vary across individuals with different 
demographic and socioeconomic status, and dis-
tinguishable across the urban and regional/rural 
space with distinct features in demographic and 
socioeconomic profiles, health risks, and access 
to healthcare facilities (Summers-Gabr, 2020; 
Sun and Lyu, 2020). Monitoring and measuring 
the urban-regional disparity of people’s mental 
health status during the pandemic, and exam-
ining the potential factors contributing to such 
disparity, are crucial to provide evidence for 
place-based health planning policy interven-
tion, as well as the provision of mental health 
services towards the post-pandemic era.

The current studies on mental health during 
the COVID-19 pandemic apply either survey-
based assessments or advanced modelling tech-
niques, such as machine learning algorithms 
(Balcombe, 2020). Survey-based studies con-
ducted in different geographic contexts are 
inevitably subject to issues associated with 
the small data size, such as high cost, under-
representativeness, and limited spatial and tem-
poral coverage (e.g., Fisher et al., 2020; Newby 
et al. 2020; Van Rheenen et al., 2020). Most of 
the survey-based studies are limited to a cer-
tain period of the pandemic and focus on the 
early stage of the pandemic, which also lacks 
geographic information to reflect the spatial 
variation of mental health conditions. Another 
stream of research uses social media data and 
advanced modelling techniques to understand 
public’s mental reactions to a range of COVID-
related issues such as home schooling (Ewing 
and Vu, 2021), social restriction policies (Zhou 
et al., 2021) and vaccination (Hu et al., 2021). 
However, these studies are limited to cer-
tain states in Australia or relatively short time 
periods and also lack the coverage to under-
stand the disparity between capital cities and 
regional areas. Subsequently, there is a pressing 
need to advance our understanding of people’s 
mental health conditions across the urban and 
regional areas over the full temporal spectrum 
of the pandemic.

To fulfil the knowledge deficit, our study 
aims to investigate the urban-regional dis-
parity of the public’s mental health during 
the pandemic by addressing the following 
research questions: 1)  How do the public’s 
mental health signals vary across capital cities 
and regional areas? 2)  How do the public’s 
mental health signals change along the pan-
demic timeline? and 3)  To what extent the 
public’s mental health signals are associated 
with the demographic and socioeconomic 
profile of areas, their health risks and access 
to healthcare services? Drawing on 244,406 
geotagged tweets in Australia from 1 January, 
2020 to 31 May, 2021, we employed machine 
learning techniques to measure and classify 
the disparity in the public’s mental health sig-
nals across the capital cities and regional areas 
in Australia. We further examined the inter-
relationships among mental health, the demo-
graphic and socioeconomic profiles of the 
neighbourhoods they live, their health risks 
and access to healthcare services, drawing on 
the demographic and socioeconomic data, 
health risk and healthcare access data re-
trieved from the Australian Urban Research 
Infrastructure Network (AURIN), 2020. Using 
the social media data with a large spatial and 
temporal coverage, our study contributes, for 
the first time, a nationwide examination of the 
public’s mental health signals in Australia and 
the disparity between capital cities and their 
regional counterparts. We also demonstrate 
a novel empirical framework to systematic-
ally measure, classify, and map mental health 
signals nationwide, through which the role 
of public health policies and mental health 
services can be assessed in the wake of the 
global pandemic.

Background

Measuring mental health in the 
COVID-19 studies
Current studies on mental health relating to the 
COVID-19 pandemic are largely survey-based, 
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focusing on certain social groups or popula-
tions in particular regions (Balcombe, 2020). 
Survey-based studies have been conducted 
with different sizes of study populations in dif-
ferent geographic contexts; however, they are 
inevitably subject to small-data issues such as 
the limited sample sizes and temporal cover-
ages due to restricted financial resources (e.g., 
Fisher et  al., 2020; Van Rheenen et  al., 2020). 
These studies offer some valuable insights on 
factors that may increase a person’s vulner-
ability to experiencing psychological distress 
such as depression, financial stress, health anx-
iety, contamination fears accompanied by the 
increasing level of alcohol use and decreasing 
level of physical activities (e.g., Newby et  al., 
2020; Van Rheenen et al., 2020). However, most 
existing studies focus on the early stage of the 
pandemic, with survey data also lacking geo-
graphic information to reflect the spatial vari-
ation of mental health signals.

Another set of research utilises 
crowdsourcing data, combined with the rap-
idly evolving computational infrastructures 
and intelligent algorithms (e.g., machine and/
or deep learning) that offer exciting possibil-
ities for monitoring both population-level and 
individual-level mental health status (Cotfas 
et  al., 2021). In particular, social media data, 
as a well-established data source that has 
been applied in politics, businesses and dis-
aster management, has been increasingly used 
in population health monitoring and other 
mental health applications (Conway and 
O’Connor, 2016). Qualitative or text-based 
data in social media (e.g., third-person pro-
nouns and anger words) are the potential in-
dicators of social media users’ self-reported 
mental health problems (Coppersmith et  al., 
2014). The massive and insightful content por-
trayed and outlined by highly engaged social 
media users provide unprecedented opportun-
ities for collective emotion and affective ana-
lysis (Liang et al., 2019). Based on the nature 
of social media data, a series of analyses via ad-
vanced machine learning and natural language 

processing techniques have been developed to 
monitor and track the public’s mental health 
signals towards vaccination (Hu et  al., 2021), 
social distancing policies, stay-at-home and 
lockdown orders (Zhou et al., 2021) and work-
from-home requirements (Ewing and Vu, 
2021) during the pandemic. There is great po-
tential for using machine learning techniques 
within mental health studies, while there is 
an emerging critique that the effective ap-
plication of machine learning is mediated by 
research design and bound up with a wide 
range of complex, interwoven challenges 
(Thieme et al., 2020). These challenges include 
generating large-scale, high-quality datasets 
to represent the diversity of the population 
(Bone et  al., 2017), mitigating the obstacles 
(e.g., errors, uncertainty and bias) for the de-
ployment of machine learning algorithms into 
real-world systems (Thornicroft et  al., 2007), 
as well as considering far reaching personal, 
societal and economic implications in mental 
health contexts (Rudin et al., 2019). Despite of 
these challenges, machine learning techniques 
have offered new routes for learning pat-
terns of human behaviour, identifying mental 
health symptoms and risk factors, and assisting 
in the detection, diagnosis and treatment of 
mental health problems. Considering that trad-
itional survey methods are time and labour-
consuming with limited spatial and temporal 
coverages, investigating the public’s mental 
health during the COVID-19 pandemic over a 
longer timeline and with a larger spatial scale, 
and exploring the potential factors impacting 
on the disparity in mental health between 
urban and regional areas using public sourced 
social media data is needed.

Mental health and demographic 
and socioeconomic profiles of 
neighbourhoods
The current studies examining the preva-
lence of mental health problems have been 
largely influenced by Diez Roux’s pathways 
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theory (Diez-Roux, 1998). The pathways 
theory describes how the demographic and 
socioeconomic profile at the individual level 
and collectively at the aggregated population 
level (e.g., neighbourhoods) might contribute 
to the disparities of mental health across areas 
via individual and contextual pathways. The 
socioeconomic profile of neighbourhoods is 
commonly measured in several ways, including 
labour forces, income and financial status (e.g., 
mortgage stress), which may further affect 
travel and residential choices and dwelling 
types (e.g., living space, difficulty in moving 
or access to transport) (Meyer et  al., 2014). 
These measures in socioeconomic profiles of 
neighbourhoods are particularly important in 
investigating mental health status during a pan-
demic. The common findings show that mental 
health problems (e.g., depression) are more 
likely to appear in low-socioeconomic neigh-
bourhoods (Meyer et al., 2014). These studies 
also imply that the mental health problems that 
are associated with the pandemic appear more 
prevalent in low-socioeconomic areas with a 
concentrated low-income and unemployed 
population, or more essential workers who 
need to work onsite, as well as in areas with 
relatively crowded living space where the virus 
transmission is high (Zhang et  al., 2021). In 
addition, the socioeconomic profile can be fur-
ther compounded by the demographic profile 
of neighbourhoods, such as the age structure 
and race/ethnicity. For instance, the ageing 
neighbourhoods (e.g., retirement villages) 
and minority-concentrated suburbs (e.g., the 
Hispanic group in the U.S.) are subject to more 
severe mental health problems (e.g., worry 
and fear of infection), given the higher infec-
tion rate among the elderly and the Hispanic 
group comprising a higher proportion of es-
sential workers compared to non-Hispanic 
groups (Penner et al., 2021). Given these con-
siderations, we take onboard a set of indicators 
measuring the demographic and socioeconomic 
profiles of neighbourhoods as potential factors 
influencing the public’s mental health.

Mental health and physical health
Another set of factors potentially associated 
with mental health are individuals’ physical 
health status, such as chronic conditions (Talen 
and Mann, 2009). People with chronic diseases 
may experience negative emotions that further 
increase the probability of developing mental 
health issues. Such chronic diseases, including 
hypertension (Sparrenberger et  al., 2009) and 
overweight and obesity (Talen and Mann, 2009), 
have been widely discussed in the current lit-
erature and observed to be associated with the 
onset of anxiety, stress and depression (Kretchy 
et al. 2014; Pan et al., 2015). Youth and adoles-
cents who were overweight were more likely 
to report self-stigma, depression, anxiety and 
feelings of worthlessness (Chan et  al., 2019), 
which may have long-lasting consequences on 
mental health. Furthermore, health risk behav-
iours such as alcohol consumption and smoking 
are potentially associated with various mental 
health issues, and poor mental health could be 
an enduring risk factor for heavy alcohol con-
sumption (Shahab et  al., 2014). The onset of 
these chronic conditions and health risk be-
haviours at the individual level assembles the 
prevalence of health risks at the aggregated 
population level, that is, the level of health risks 
in neighbourhoods. Subsequently, our study 
takes into account health risks in neighbour-
hoods when examining people’s mental health 
during the pandemic.

Mental health and the spatial disparity 
of healthcare access
A study by Fisher et al. (2020) shows that around 
25% of Australians had reported experiencing 
mild to moderate symptoms of depression or 
anxiety at the early stage of the COVID-19 
pandemic. Lack of access to mental healthcare 
services and shortage of mental health providers 
may result in such mental health issues not 
being resolved properly or in a timely fashion 
(Lake and Turner, 2017). In Australia, the access 
to mental health services in rural/regional areas 
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is considerably lower than that in major cities 
(Australian Institute of Health and Welfare 
(AIHW), 2019). In particular, people living in 
remote regional areas reported three times less 
access to mental health services subsidised by 
Medicare (i.e., Australia’s universal health in-
surance scheme), compared to those who live 
in major cities (AIHW, 2019). The low rate of 
access to mental health services might be at-
tributed to the limited number of mental health 
professionals and healthcare facilities in rural 
and remote Australia. Recent studies indicate 
an unequal distribution of mental health pro-
fessionals (e.g., nurses and psychologists) across 
the metropolitan areas and regional/rural areas 
in Australia, with major cities having the most 
adequate workforce resource compared to 
other areas (Sutarsa et  al., 2021). Apart from 
the availability/provision of healthcare services, 
access to mental health services is also influ-
enced by other barriers that may access, such 
as the lack of connectivity to public transport 
services or the lack of private vehicles to drive 
to the healthcare facilities. Subsequently, people 
tend to use healthcare services and facilities 
that are within shorter travel distances or time 
from their homes more often (Ghorbanzadeh 
et al., 2020). Thus, it is critical to adjust for the 
availability of healthcare services and the level 
of difficulty in healthcare access in the examin-
ation of mental health across capital cities and 
regional areas.

In summary, through an empirical study in 
Australia, the key objective of our study is to 
provide nuanced but plausible insights into 
understanding the mental health of a nation 
and its urban-regional disparities, which is ap-
plicable in other countries aiming for better 
spatial justice and social harmony.

Study context, data and analysis

Study context
Australia is the largest developed country in the 
Southern Hemisphere, with a total population 

of nearly 26 million and a total area of around 
7.61 million square kilometres (Australia 
Bureau of Statistics (ABS), 2020). Australia is 
highly urbanised, with over 80% of its popula-
tion living in cities. The nation’s capital city is 
Canberra, also known as the Australian Capital 
Territory (ACT), and the other states/terri-
tories are (the state capital cities are listed in 
brackets): New South Wales (Sydney), Victoria 
(Melbourne), Queensland (Brisbane), West 
Australia (Perth), South Australia (Adelaide), 
Tasmania (Hobart), and Northern Territory 
(Darwin). According to the Greater Capital 
City Statistical Area Structure (ABS, 2016), 
each state is divided into a greater capital city 
area and the remaining regional area. For in-
stance, the State of New South Wales (NSW) 
is divided into the Greater Sydney Area and 
Rest of NSW. In this paper, we simplified the 
terminology using Sydney and Beyond Sydney 
to represent Greater Sydney and the Rest of 
NSW, respectively, in later analysis (Figure 1); 
such simplification also applied to other states/
territories with the exception of ACT having 
only the capital city for the whole territory. 
Over 66% of the Australian population live in 
the greater capital city areas of the eight states/
territories, with Sydney being the largest (with 
around 4.9 million population in 2016), fol-
lowed by Melbourne (4.5 million) and Brisbane 
(2 million) (ABS, 2020). Our analysis first 
looked at the comparison between the capital 
cities aggregated as one unit and the regional 
areas, also aggregated as one unit, and then fo-
cused on the comparison between each capital 
city and its regional counterpart.

Data
We utilised Twitter academic full track ap-
plication programming interface (AFT-API) 
to search and retrieve geotweets in Australia 
(Twitter, 2020). Compared to the normal 
Twitter API that returns 1% of the total tweets 
due to privacy concerns, AFT-API enables us 
to fully retrieve tweets with the pre-defined 
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queries, which improves the data coverage 
and representativeness (Twitter, 2020). We de-
fined the searching terms as ‘pandemic, epi-
demic, virus, covid*, and vaccine*’; the search 
timespan was defined as from 1 January, 2020 to 
31 May, 2021 with the country defined as ‘AU’ 
(Australia). Consequently, 244,406 geotweets 
were retrieved from the total of over 860 mil-
lion tweets in Australia. These geotweets con-
tain X, Y coordinates that were retrieved in two 
ways: 1) an accurate pair of X, Y coordinates of 
a place where a geotweet was posted if a user 
activated the positioning function in Twitter, 
and 2) an rough pair of X, Y coordinates con-
verted from the name of a place (including 
cities and neighbourhood) if a user only indi-
cated the name of that place in Twitter; such 
places were then assigned the X, Y coordinates 
as the centroid of that place. The geotweets 
were further aggregated to Statistical Area 
level 2 (SA2) as the second smallest unit in the 
Greater Capital City Statistical Area Structure 

(ABS, 2016) given that SA2 areas with an 
average population of about 10,000 persons 
serve as an appropriate unit compared to the 
full size of capital cities and the name of SA2 
areas are identifiable. The SA2 areas with the 
number of tweets less than 17 were excluded, 
given it was assumed that there should be at 
least one tweet posted in each SA2 over the 
entire research period of 17 months (Jan 2020 
to May 2021). We recognised that there were 
a disproportionate number of tweets concen-
trated in the SA2 area where the centroid of 
a capital city was located (not always the city 
centre) if users roughly tag a city in a tweet but 
they may reside in other SA2 areas. Thus, we 
further excluded eight SA2 areas containing 
the centroid of each capital city (e.g., the SA2 
named ‘Hughesdale’ containing the centroid of 
Melbourne) to reduce the data bias. The spatial 
coverage of geotweets ranged from the highest 
of 69.9% in Melbourne to the lowest of 28.24% 
in Canberra, shown in the statistical summary 

Figure 1. Capital cities and regional areas in Australia
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and distribution of tweets provided in the sup-
plementary material (Table S1 and Figure S1).

Demographic and socioeconomic data, and 
health risk and healthcare access data were 
retrieved from the AURIN online data portal 
(2020) at the level of Population Health Areas 
(PHA). PHA was developed by Public Health 
Information Development Unit (2016) and 
comprised a combination of whole SA2s and/
or multiple segmented SA2s. We then used 
a correspondence file, as a cross-tabulated 
table containing the proportions of each SA2 
falling into each PHAs), to convert the data 
in PHAs to SA2s in 2016, in order to join with 
the spatial boundary of SA2s and to align 
with the geotweets data aggregated at the 
SA2 level (ABS, 2016). The demographic and 
socioeconomic profile of one SA2 includes 
the measures of age structures, income, labour 
force, living space, needs for childcare, whether 
to have vehicles and be able to move. Health 
risk data include the proportion of people with 
poor health status, alcohol use, overweight, and 
high blood pressure in one SA2. Healthcare ac-
cess data include the measures of hospital ad-
missions and general practitioners (GP), and 
difficulty in healthcare access. More detailed 
definitions of these measures are provided in 
Table 1.

Analysis
Machine learning models to detect 
sentiment and emotion
We commenced with a series of data pre-
processing to the geotweet records using 
Python 3.9.6 (details provided in ‘Data pre-
processing’ section in the Supplementary 
materials). We then employed the Valence 
Aware Dictionary for sEntiment Reasoning 
(VADER) model to analyse the sentiment of 
each geotweet (VADER, 2021). The VADER 
model is a lexicon and rule-based sentiment 
analysis tool that has been specifically attuned 
to sentiments expressed in qualitative contexts 
(e.g., social media posts) (Hutto et  al., 2014). 

VADER sentiment analysis relies on a machine 
learning algorithm and an open-source dic-
tionary library that maps lexical features and 
heuristic expressions to emotion intensities 
known as sentiment scores (VADER, 2021). It 
returns four sentiment scores, including posi-
tive, negative, neutral, and compound scores. 
The first three scores are measured as a ratio of 
the number of words that fall in the respective 
categories (positive, negative and neutral sen-
timent) to the total number of words in each 
geotweet record, respectively. The compound 
score is a weighted composite score that is fur-
ther generated based on the ratio of positive, 
negative and neutral sentiment. The value of 
a compound score ranges from ‐1 (most nega-
tive) to +1 (most positive). In this study, we 
used the compound score as the indicator of 
mental health given it is comparable across dif-
ferent geographic contexts (e.g., capital cities 
and regional areas). More details of VADER 
are provided in the work by Hutto et al. (2014).

To further interrogate the wide range of 
emotions that may be not reflected roughly by 
the positive and/or negative sentiment gener-
ated by VADER, we further used NRCLex, 
developed based on the National Research 
Council Canada Affect Lexicon and the 
Natural Language ToolKit (NLTK) library’s 
WordNet synonym sets (Bird et al., 2009), con-
taining approximately 27,000 words, to detect 
the emotional tendency of a given body of texts 
in geotweets. NRCLex differentiates the types 
of emotions via a word matching algorithm 
based on a documented affection dictionary 
and the association of the texts with four pairs 
of primary bipolar emotions (i.e., eight basic 
emotions): joy (feeling happy) versus sadness 
(feeling sad); anger (feeling angry) versus fear 
(feeling of being afraid); trust (stronger ad-
miration and weaker acceptance) versus dis-
gust (feeling something is wrong or nasty); 
and surprise (feeling unprepared for some-
thing) versus anticipation (looking forward 
positively to something). Among these eight 
types of emotions, fear, sadness, anger and 
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disgust correspond to negative mental sig-
nals, while joy, anticipation, trust and surprise 
correspond to positive mental signals. The re-
sult of NRCLex was the number of words in 
each type of emotion in each geotweet record, 
which was further aggregated to a certain spa-
tial unit (e.g., a capital city) and calculated as 
the proportion of words in each type of emo-
tion over the total (named as percentages of 
emotion hereinafter).

Binary logistic regression
We then applied a binary logistic regression 
(BLR) (Hosmer et  al., 1997) to examine how 
the mental health signals associate with the 
three sets of indicators measuring the demo-
graphic and socioeconomic profiles, health 
risks and healthcare access. SA2s with the com-
pound sentiment score was transformed into 
a binary variable by comparing the sentiment 
score in each SA2 with the average in all SA2s 
of the study area, with 1 indicating higher-
than-the-average SA2s (termed as the positive 
group; this group is set as the reference group in 
subsequent modelling) and 0 indicating lower-
than-the-average SA2s (termed as the nega-
tive group). This binary variable is used as the 
dependent variable in the BLR, given that a 
binary dependent variable is most common in 
logistic regression which can produce a prob-
ability of a certain class, i.e., a SA2 being posi-
tive or negative in mental health signals. The 
BLR model is expressed as:

Log
Å

P(Y = 0)
P(Y = 1)

ã
= β0 + β1x1 + β2x2 + β3x3 · · ·+ βixi

 (1)
where, Y is the dependent variable with two 
possible values, i.e., Y = 1 (the reference group) 
when the sentiment score in a SA2 is higher 
than the average sentiment score in all SA2s 
and Y = 0 otherwise; x1 to xi are the inde-
pendent variables defined in Table 1; andβ0 to 
βiare the regression coefficients for each vari-
able. The odds (o) indicating the likelihood of a 

SA2 belonging to a positive or negative SA2 is 
computed as:

o = 10β0+β1x1+β2x2+β3x3···+βnxn (2)

The corresponding probability (p) is 
calculated as:

p =
o

1 + o (3)

We ran a total of five BLR models. Models 
1 and 2 are for regional areas and capital cities, 
respectively, and Models 3–5 are for Sydney, 
Melbourne and Brisbane as the three largest 
capital cities, respectively. Within each model, 
there are three sub-models (e.g., Models 1–1, 
1–2, and 1–3), with the first sub-model involving 
the demographic and socioeconomic profile of 
neighbourhoods as the independent variables, 
the second also including the level of health 
risks, and the third further including healthcare 
access factor to the model. The significance 
levels were set at 0.1, 0.05 and 0.01.

Results

Change of mental health signals along 
the pandemic timeline
Figure 2 shows the temporal change of the 
public’s mental health signals, illustrated by the 
sentiment scores in capital cities and regional 
areas. The sentiment score in capital cities is 
higher than that in regional areas over the whole 
timeline of the pandemic except for two short 
periods, one in January 2020 and one in March 
2021. From February to March 2020, the senti-
ment scores in both capital cities and regional 
areas had an obvious increase and continued 
to increase afterwards to May 2020 but slightly 
decreased from May to July 2020. This cor-
responds to the second wave of the pandemic 
Australians experienced during this period. 
From September to November 2020, the senti-
ment scores in both capital cities and regional 
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areas increased to the peak in November 2020. 
From December 2020 to March 2021, the sen-
timent score in capital cities stayed relatively 
stable compared to that in regional areas ex-
periencing more fluctuations. However, the sen-
timent scores in both capital cities and regional 
areas had an obvious decrease from March to 
April 2021. Overall, the public’s mental health 
signals in capital cities were observed to be 
higher than that of their counterparts in the 
regional areas over the year-long period from 
February 2020 to February 2021.

The temporal change of the eight types of 
emotions provides a more detailed map of the 
variations of the public’s mental health sig-
nals between the capital cities and the regional 
areas (Figure 3). At the early stage of the pan-
demic (January to March 2020), the feelings 
of fear had an obvious decrease in both the 
capital cities and regional areas while there 
were increases in trust and joy. From March 
2020 to May 2021, the overall trend of these 
eight types of emotion in both capital cities 
and regional areas are relatively stable, and the 
feeling of fear accounts for the largest propor-
tion of emotion (reflected by the highest pos-
ition of the dark blue solid line), followed by 
trust, anticipation, sadness, joy, anger, surprise 
and disgust. The comparison of the percentages 
of emotion in capital cities (solid lines) and re-
gional areas (dash lines) shows that there are 
no substantial differences in the percentages 

of emotion between capital cities and regional 
areas from March 2020 to May 2021, reflected 
by the small gap in a pair of solid and dash lines 
in one colour; while before March 2020, in re-
gional areas there was a higher percentage in 
fear and a lower percentage in trust compared 
to capital cities. However, during the rest of the 
pandemic, the variations of emotion in between 
capital cities and regional areas is less clear, 
with the observation that the percentage in a 
certain type of emotion in capital cities is higher 
than that in regional areas in some months (e.g., 
April to July 2020 for fear) but lower in other 
months (e.g., April to May 2021 for fear).

Spatial disparity of mental health signals
We present the sentiment scores for each greater 
city area and their respective regional counter-
parts (e.g., Sydney and Beyond Sydney as we 
defined in Section 3.1), illustrating the subtle 
variations of the public’s mental health signals 
of the country (Figure 4). Overall, the mean 
values of sentiment scores in all capital cities of 
the eight states/territories are higher than that 
of their regional counterparts, indicating that 
the public’s mental health signals in cities tend 
to be more positive than those in regional areas. 
Moreover, the range of sentiment scores in one 
capital city (e.g., Sydney, Melbourne, Brisbane, 
and Perth) is wider than that in its counter-
part (e.g., beyond Sydney, beyond Melbourne, 

Figure 2. Temporal change of the sentiment score in capital cities and regional areas
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beyond Brisbane, and beyond Perth, respect-
ively). In addition, the range of sentiment scores 
in the three largest state capital cities (i.e., 

Sydney, Melbourne, and Brisbane) is wider than 
that in the medium- and small-size capital cities 
(i.e., Perth, Adelaide, Hobart and Darwin). This 

Figure 3. Temporal change of emotion by type in capital cities and regional areas

Figure 4. Box-plots illustrating the variations of sentiment scores between capital cities and regional areas

D
ow

nloaded from
 https://academ

ic.oup.com
/cjres/article/15/3/663/6610966 by Siena C

ollege user on 27 February 2023



674

Wang et al.

indicates that although the mental health status 
of people in capital cities tends to be more posi-
tive than those in the regional areas, such sig-
nals are also more diverse and varied in cities 
than their regional counterparts.

Figure 5 reveals the variations of the emo-
tions by type in the eight capital cities and 
their respective regional areas. In each of the 
graphs in Figure 5, a bar in a positive direction 
indicates a certain type of emotions (coloured 
differently) has a larger percentage in the city 
than that in its regional counterpart; the height 
of the stacked bar in each month reflects the 
extent the sum of the percentages for different 
types of emotion in the capital cities is higher 
or lower than that its counterpart of regional 
areas. In January and February 2020, all capital 
cities except Brisbane have higher percentages 
of negative emotion (including fear, anger, sad-
ness and disgust, as illustrated in a blue colour 
theme in Figure 5) compared to the regional 
areas, shown by the stacked bar in the positive 
direction. In contrast, Brisbane has a higher 

percentage of positive emotion (including joy, 
trust, anticipation and surprise, as illustrated 
in a red–orange colour theme in Figure 5) 
compared to its counterpart of regional areas 
in January 2020. From February 2020 to May 
2021, there are relatively minor variations in 
emotion between Melbourne and Brisbane 
and their regional areas compared to other 
capital cities. From January to April 2021, the 
percentages of positive emotion in Brisbane, 
Perth, Adelaide and Darwin are higher than 
their counterparts of regional areas, while the 
percentages of negative emotion in the re-
gional areas beyond Sydney, Melbourne and 
Hobart are higher than the percentages in 
their capital cities. It is quite surprising to see 
that Melbourne, where the second wave of the 
pandemic in Australia was centered had higher 
percentages in positive emotion than its re-
gional areas from June to October 2020, but 
shifted to higher percentages in negative emo-
tion than its regional areas from November 
2020 to March 2021. It is possibly due to the 

Figure 5. Variations of the emotion types between capital cities and regional areas
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long-term implementation of social restriction 
policies (e.g., lockdown and home-dwelling or-
ders) after the second wave of the pandemic 
from June to October 2020.

Relationships between mental 
health signals and the demographic 
and socioeconomic profiles of 
neighbourhoods, health risks and 
healthcare access
We further explored the extent to which 
the spatial and temporal variations of the 
mental health signals between capital cities 
and regional areas are associated with the 
demographic and socioeconomic profile 
of neighbourhoods, their health risks and 
healthcare access. In Model 1 (including 
sub-Models 1–1, 1–2, and 1–3 in Table 2), 
low-income has negative coefficients (at least 
p  <  0.1, and with odds ratios smaller than 
1)  while the areas with crowded living and 
childcare need have positive coefficients (at 
least p < 0.1, correspondingly with odds ratios 
larger than 1). It means that people living in 
regional areas with lower income levels, more 
crowded living spaces, and higher needs for 
childcare are more likely to exhibit negative 
mental signals. The proportion of the abori-
ginal population is observed to have negative 
coefficients (at least p < 0.1, correspondingly 
with odds ratios smaller than 1) only in Model 
1–2 and 1–3. By adding the health risks and 
healthcare access variables in Models 1–2 and 
1–3, the Nagelkerke R2 increased slightly, from 
0.12 in Model 1–1 to 0.13 in Model 1–2 and 
0.14 in Model 1–3; however, none of the health 
risks and healthcare access variables are sig-
nificant at p < 0.1. This implies that the level of 
health risks and healthcare access in regional 
areas is not relevant to the mental health sig-
nals of people living in those regions.

For capital cities (Model 2, including Model 
2–1, 2–2 and 2–3 in Table 3), the demographic 
and socioeconomic profiles of neighbour-
hoods that are significantly (at least p  <  0.1) 

associated with mental health signals include 
age at and above 65 (a positive coefficient of 
0.086 in Model 2–1 correspondingly the odds 
ratio larger than 1), aboriginal (the odds ratio 
smaller than 1 in Model 2–3), unemployment 
and low-income (all odds ratios smaller than 
1), crowded living (odds ratios larger than 1 in 
Model 2–1 and 2–3), and difficulty in moving 
(all odds ratios larger than 1). It means that 
people living in areas with a smaller proportion 
of aboriginal population, more crowded living 
space, and more difficulty in moving and trans-
port tend to exhibit negative mental signals. 
The additional involvement of health risk vari-
ables in Model 2–2 increases the Nagelkerke 
R2 from 0.21 in Model 2–1 to 0.33 in Model 
2–2. All health risk and healthcare access vari-
ables are observed to be significantly (at least 
p < 0.05) associated with mental health signals. 
More specifically, poor health, alcohol use and 
high blood pressure have positive coefficients 
(odds ratios larger than 1); while being over-
weight has negative coefficients (odds ratios 
smaller than 1). It reveals that people living in 
the areas with a higher proportion of the popu-
lation having issues in poor health, alcohol use 
and high blood pressure tend to be more likely 
to display negative mental signals. Further 
adding in healthcare access variables in Model 
2–3 increases the Nagelkerke R2 from 0.33 
in Model 2–2 to 0.48 in Model 2–3 and both 
healthcare access variables are significantly 
(p  <  0.01) associated with mental health sig-
nals. More specifically, the number of hospital 
admissions and GPs has an odds ratio of 0.598 
[0.391, 0.915] while difficulty to healthcare ac-
cess has an odds ratio of 1.047 [1.032, 1.062]. It 
means that people residing in areas with lower 
availability of hospitals and GPs and more dif-
ficulties in healthcare access tend to be more 
likely to have negative mental signals. This 
finding in capital cities is distinct from that in 
regional areas, reflecting the spatial disparity 
of health risks and healthcare access in capital 
cities and regional areas that is further related 
to the public’s mental health status.
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We also examined the extent the public’s 
mental health is associated with the demo-
graphic and socioeconomic profile of neigh-
bourhoods, their health risks and healthcare 
access in the three largest capital cities, including 
Sydney, Melbourne and Brisbane (Table S2–4). 
The results show that the social and spatial 
disparity in demographic and socioeconomic 
profile across areas in capital cities are poten-
tially associated with the public’s mental health. 
More specifically, low-income (with odds ratios 
larger than 1) and crowded living space (with 
odds ratios smaller than 1) are observed to be 
associated with mental health signals in Sydney 
and Melbourne; while difficulty in moving and 
transport (with odds ratios larger than 1)  is 
associated with mental health signals only in 
Sydney and mortgage stress (with odds ratios 
larger than 1) is associated with mental health 
signals only in Brisbane. However, health risks 
and healthcare access variables are observed 
to be not significantly associated with mental 
health signals in these three capital cities.

Discussion and conclusion

Drawing on social media data and machine 
learning techniques, this study makes an initial 
attempt to reveal the urban-regional disparity 
of the public’s mental health status during a 
global scale pandemic and examine the extent 
to which mental health signals are associated 
with the demographic and socioeconomic pro-
files of neighbourhoods, their health risks and 
healthcare access. This has been under-explored 
in current scholarship in the Australian context. 
Urban and regional/rural areas are featured by 
different demographic and socioeconomic char-
acteristics and configured by various healthcare 
facilities and services, which can affect people’s 
sentimental and emotional reactions to the 
pandemic. It is especially the case for capital 
cities where people with negative mental health 
signals are observed to live in areas with limited 
healthcare resources and more difficulty in 
healthcare access. Our finding align with the 

observations in previous studies focusing on 
the mental health of the general population in 
different geographic contexts. More specifically, 
the minority-concentrated neighbourhoods 
(e.g., with a higher proportion of aboriginal 
population) have a higher likelihood of nega-
tive mental health signals; this finding echoes 
the findings in the US that Hispanic/Latinx 
groups are subject to greater risks for worsened 
mental health due to the pandemic (Penner 
et  al., 2021). Socioeconomic disparity across 
neighbourhoods with different levels of income, 
mortgage stress and living space are subject to 
the discrepancy of mental health signals; such 
an observation is also found in case studies in 
China (Liu et  al., 2021), US (McKnight-Eily 
et al., 2021), Caribbean regions (Llibre-Guerra 
et al., 2020), the United Kingdom (Pierce et al., 
2020) and European countries (Reznik et  al., 
2020). Moreover, neighbourhoods with the 
concentrations of the population at higher 
health risks are subject to a higher likelihood 
of negative mental signals, reflecting that the 
onset of health risks (e.g., poor health status, 
high blood pressure and drinking habits) may 
worsen mental health in the face of the pan-
demic. This finding is less observed in COVID-
19 related studies; however, more prevalent 
in mental health studies before the pandemic 
(e.g., Hardy et  al., 2013; Kwan et  al., 2016). 
Furthermore, another disparity between capital 
cities and regional areas observed in our study 
is the availability of healthcare facilities and 
services and the difficulty in healthcare access 
which is further associated with the prevalence 
of negative mental health signals. Easy access 
to mental health facilities could help persons 
with mental illness to integrate into the patient 
community and facilitate peer-led interventions 
to improve medical self-management (Druss 
et  al., 2010). It has been observed that older 
men living in rural Australia may have a similar 
incidence of mental health problems compared 
to older women, despite a lower rate of diag-
nosis (Fitzpatrick et al., 2021). The obstacles to 
men obtaining mental health treatment in rural 
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Australia include the reluctancy of emotional 
expression, non-disclosure of distress and dif-
ficulties in seeking and getting help (Kennedy 
et al., 2021). Thus, neighbourhoods configured 
by better healthcare facilities serve as a con-
textual pathway to protect against the onset of 
psychological problems, improving the percep-
tion of local residents in feeling safe, secure and 
protected and thus reducing mental disorders.

Our findings provide evidence for policy 
making and implementation in public health. 
In response to the urban-regional disparity 
of the public’s mental health signals, regional 
health authorities and government agencies 
should distribute more healthcare services 
in these vulnerable areas prior to any unpre-
cedented events; intervention programs and 
mental health services should be introduced 
or put in place in regional areas and urban 
areas in capital cities which are currently less 
covered by healthcare facilities. National level 
assistance, such as digital mental health guide-
lines, are also recommended in regional areas 
with a higher proportion of socioeconomically 
disadvantaged populations. Mental health 
strategies should be varied along pandemic 
event timelines, with monitoring and more 
effective decision-making processes to allow 
prompt responses to the rapidly changing pan-
demic. Our models and research framework 
may be useful for governments and policy-
makers at various levels to monitor public’s 
mental health signals in future pandemics and 
public health crises.

This study has several limitations that need 
to be noted and can be improved in future 
studies. First, the geotweet data used in our 
study is non-random sample, since the number 
of Twitter users is dependant on population 
density and thus tend to concentrate in densely 
populated areas (e.g., capital cities) whilst are 
less prevalently in regional/remote areas, which 
may bring bias to the analytical results (Zhou 
et al., 2021). Second, Twitter users are typically 
younger, avid users of social media apps and 
the Internet (Huang et  al., 2020), while older 

individuals are less likely to use smartphones 
and Aboriginal Australians have lower internet 
accessibility and are relatively inactive in social 
media (Povey et  al., 2016). Thus, the current 
geotweets may be skewed to represent the opin-
ions and perceptions of the subsection of the 
population. In addition, the current geotweets 
are in English, with non-English ones excluded 
from sampling. Future studies using multilin-
gual tweets might better represent different 
ethnicities and spoken languages. Third, our 
analysis did not involve the COVID-19 meas-
ures (e.g., confirmed cases, and mortality and 
morbidity rates) given such data is not avail-
able at the SA2 level. The spread and severity 
of COVID-19 infection have been reported 
to associated with the public’s mental status 
(Kenerly et  al., 2022), thus we encourage fu-
ture studies to take on board these COVID-19 
measures to enhance the analytical robustness. 
Fourth, the built environment in the capital 
cities and regional areas can be very different 
(e.g., the density, diversity, and design of neigh-
bourhoods); the measures of the built envir-
onment need to be included in the regression 
modelling to better reveal the context pathway 
through which urban/rural space affects the 
public’s mental health during the pandemic. 
In addition, it has been reported that the type 
and stringency of policy implementation over 
different phases of the pandemic also affects 
people’s overall sentiment (Zhou et al., 2021). 
Thus, the measures of policies can be included 
in future modelling work.

While our study provides empirical evidence 
of using machine learning techniques in mental 
health studies, there remain difficulties and 
challenges in translating the analytical find-
ings to the real-world treatment of at-risk co-
horts. The empirical framework developed in 
our study can be improved by integrating with 
highly scalable and accurate machine learning 
platforms (e.g., symbiotic marching learning 
systems) and trials of local system dynamics 
models which have been used in monitoring 
the suicidal behaviours of Australian youth 
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(Iorfino et al., 2021). Future work should also 
give attentions to the usability challenges for 
machine learning (Zytek et  al., 2021). It re-
quires the researchers to have sufficient skills 
and contextual knowledge in mental health and 
medicine to develop human-centred research 
procedure, reliable interpretation of model-
ling results, and cross validation of findings 
based on different approaches (e.g., traditional 
survey-based assessment, and clinic protocol 
and trials) (Thieme et al., 2020).

To conclude, our study contributes a novel 
empirical framework using social media and 
machine learning techniques to systematic-
ally classify and measure the urban-regional 
disparity of mental health signals 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. Our findings in the interrelationship 
among mental health, the demographic and 
socioeconomic profiles of neighbourhoods, 
their health risk and healthcare access provide 
important evidence for the smart deployment 
of finite mental health services and place-based 
health planning towards the post-pandemic 
period and beyond.
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