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Abstract: Natural hazard-related disasters are disruptive events with significant impact on people,
communities, buildings, infrastructure, animals, agriculture, and environmental assets. The expo-
nentially increasing anthropogenic activities on the planet have aggregated the climate change and
consequently increased the frequency and severity of these natural hazard-related disasters, and
consequential damages in cities. The digital technological advancements, such as monitoring systems
based on fusion of sensors and machine learning, in early detection, warning and disaster response
systems are being implemented as part of the disaster management practice in many countries and
presented useful results. Along with these promising technologies, crowdsourced social media
disaster big data analytics has also started to be utilized. This study aims to form an understanding of
how social media analytics can be utilized to assist government authorities in estimating the damages
linked to natural hazard-related disaster impacts on urban centers in the age of climate change. To
this end, this study analyzes crowdsourced disaster big data from Twitter users in the testbed case
study of Australian states and territories. The methodological approach of this study employs the
social media analytics method and conducts sentiment and content analyses of location-based Twitter
messages (n = 131,673) from Australia. The study informs authorities on an innovative way to analyze
the geographic distribution, occurrence frequency of various disasters and their damages based on
the geo-tweets analysis.

Keywords: climate change; natural hazard-related disaster; disaster impact; disaster damage;
urbanization; social media; big data; data analytics; Twitter; Australia

1. Introduction

The catastrophic impacts of climate change are global. Nevertheless, some regions
of the world are, now, more sensitive to the anthropogenic climate change impacts [1,2].
For instance, Australia is one of these sensitive regions [3]. Australia’s range of unique
climates has contributed to the country’s history of diverse natural hazard-related disasters,
including, bushfires, flooding, hurricanes, cyclones, earthquakes, and tsunamis [4], where
a natural hazard-related disaster is defined as “an extreme event that occurs naturally and
causes harm to humans or to other things that we care about, though usually the focus
is on humans—which, we might note, is anthropocentric” [5]. Natural hazard-related
disasters have presented increasingly significant challenges to the country’s urban and
rural environments, as a result of higher density development and population growth
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within these areas [4]. Particularly, anthropogenic climate change has increased the severity
and frequency of these disastrous events drastically [6–8].

The construction of urban infrastructure within modern cities aims to benefit the
local population by providing easier access to essential goods and services, as well as
supporting environmental and social factors for the community [9,10]. Nonetheless, with
Australian cities expanding their footprint, natural hazard-related disasters impact larger
areas and populations and causes more vulnerability to communities [11–13]. In this sense,
the adaptability of cities to climate change requires smart infrastructure and urban design
that is resilient to natural hazard-related disasters impacts [14–16].

In order to build climate resilient urban infrastructure, the existing and forthcoming
impacts of climate change on cities and societies should be adequately estimated [17,18]. This
also includes identifying the existing and future natural hazard-related disaster damages on
urban infrastructures and properties [19,20]. The traditional methods of such estimations have
their limitations, particularly not being able to offer accurately and timely estimates due to
data collection challenges [21,22]. Hence, this emphasizes the need for an improved method
of damage estimation for these disastrous events [23–25]. Coming up with a novel damage
estimation method will assist Australian communities with their recovery process and enhance
resilience within urban environments.

The Royal Commission into National Natural Disaster Arrangements, which was
established in response to the 2019–2020 bushfires, determined that natural hazard-related
disasters will impact Australian communities more frequently, with an increased likelihood
of areas experiencing simultaneous disasters before they are fully recovered in 2020. The
concurrent nature and extreme intensity of these threats can be attributed to human influ-
ences on climate change, as well as increased hazard exposure through coastal and regional
developments [26–28].

In addition, the higher frequency of natural hazard-related disasters, increased eco-
nomic and materialistic losses are also resulting from damage caused in urban areas [29].
Redevelopment and recovery from these impacts consume natural resources, further con-
tributing to climate change as a result [26]. Consequently, improvements in disaster risk
reduction and community restoration should be prioritized by future developments, to
help manage multiple, nation-wide natural hazard-related disaster events and reduce their
negative effects on urban environments [30].

Besides, while the ingenuity of humankind has driven unimaginable advancements in
science and technology particularly over the last two centuries [31], our unsatiable nature,
provoked by the ruthless capitalism and irresponsible innovation, is causing irreversible
damages to the planet’s fragile ecosystems [32–34]. This in turn has initiated exacerbating
changes in the climate and led to an increasingly high frequency and severity of natural
hazard-related disasters [35,36]. The situation and risks are worse for cities where the
population densities and human activities are high. There is a need to monitor, prevent
and manage the continuing damages to our environment and climates, particularly around
the large population clusters, such as cities and urban regions. This includes improving the
climate resilience and adaptability of cities and urban regions for climate change.

Responsible innovation and use of technology for social good, however, can help
in generating some positive outcomes in addressing the challenges our cities and urban
regions face [37–39]. For instance, artificial intelligence-driven big data analytics has a
major role to play in urban resilience and climate change adaptability of cities [40,41].
Social media analytics enables dynamic interactions with public and hence can be used by
governments as sensors, information dissemination, and social intervention tools [42].

Moreover, scholars investigating the effects of natural hazard-related disasters fre-
quently lack demographic and growth pattern data for urban populations [29]. Social media
platforms such as Twitter can provide diverse perspectives on climate change impacts and
natural hazard-related disaster events affecting the individual’s area, their communities
and cities (e.g., identifying emotional changes over space and time in the context of a
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natural hazard-related disaster) allowing for more accessible data collection from different
communities and additional sources for quantitative research [43,44].

In recent years, big data social media analytics has become a popular approach to
investigate various urban issues [45]. For instance, some studies focused on multiple
human languages and a range of diverse topics including COVID-19-related governance
matters [46,47], while others explored traffic-related event detection [48], detecting critical
diseases and symptoms in and across cities [49]. Additionally, some scholars used big
data social media analytics in examining urban logistics [50], public sentiment analyses of
government services [51], and disaster severity prediction [23]. Some other urban scholars
conducted studies by using social media analytics techniques to capture public perception
of smart city concepts and technologies [52], and public perception of artificial intelligence
and urban planning technologies [53]. Furthermore, some studies also benefited from
social media analytics techniques in developing technology-led urban solutions for disaster
management.

Considering the significance of managing climate change-induced natural hazard-
related disasters across cities and urban areas, this paper contributes a methodological
approach involving the use of social media analytics for improving government awareness
of, and government-public interaction on disaster-related issues. Specifically, this study
aims to form an understanding of how social media analytics can be utilized to assist
government authorities in estimating the damages linked to natural hazard-related disaster
impacts on urban centers in the age of climate change. To this end, this study analyzes
crowdsourced natural hazard-related disaster big data from Twitter users in the testbed
case study of Australian states and territories. The methodological approach of this study
employs the social media analytics method and conducts sentiment and content analyses of
location-based Twitter messages, or tweets, (n = 103,291) on natural hazard-related disaster
events from Australia’s states and territories between 1 January 2019 and 31 December
2020. The study informs authorities on an innovative way to analyze the geographic
distribution, occurrence frequency of various disasters and their damages based on the
geo-tweets analysis.

Following this introduction, Section 2 provides a concise review of the literature
and highlights the knowledge gap. Subsequently, Section 3 introduces methodology of
the research, while Section 4 presents the findings of the data analysis. An evaluation
and discussion of these results are performed in Section 5 of the paper. Lastly, Section 6
summarizes the study and its findings, as well as highlights future recommendations.

2. Literature Background
2.1. Climate Change-Induced Natural Hazard-Related Disasters

Australia is well-known for its frequent and intense natural hazard-related disasters,
most notably flooding, droughts, cyclones, and bushfires that have shown a dramatic in-
crease in recent years [54]. The extent of damage caused to land and property is determined
by a range of factors, such as the severity of the disaster itself, location, the property’s build
quality, and how well the community is prepared. Nevertheless, in recent history, there
is sufficient evidence to support that these natural hazard-related disasters are already
increasing in their intensity due to global climate change [55,56]. Australia’s national
science research agency has provided alarming statistics showcasing the rise in the mean
temperature over the last century.

The Commonwealth Scientific and Industrial Research Organization (CSIRO) high-
lighted that the mean temperature has significantly increased and has had a staggered yet
consistently upward trend for over a century [57]. In that time, we see an increase of the
country’s temperature of 2.5 ◦C with more rapid growth during the last four decades by
an estimated 1.5 ◦C. The proven cause is the human contribution to the carbon footprint,
resulting in warmer average temperatures. As the world population grows, this trend is
expected to continue [57].
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Seeto (2020) published a report regarding the natural hazard-related disasters in
Australia showing which of these disastrous events caused the most damage to land
and property [58]. Findings of this study included insurance money claimed following
various natural hazard-related disasters. Flooding and cyclones cause the most amount
of damage when they occur. In 2011, $2.1 billion was claimed through insurance from
flooding damage, and $1.5 billion from cyclones. Hail and storms occur more frequently
but cause less damage. The only exception is the extremely high cost of the 2019/2020 Black
Summer bushfires that resulted in approximately $2.3 billion in damages [57–59]. However,
we note that the actual figure of damages would be much more than what it is mentioned
here as there are likely a significant amount of rejected insurance claims, unclaimed losses,
and uninsured assets.

According to Ewart [60], local radio, newspapers, and community media have revealed
the crucial and often underappreciated role such media fulfill at times of natural hazard-
related disasters. Additionally, Ewart [60] stated that publicly funded broadcaster ABC is
essential to get urgent information out to rural communities. Rural areas rely heavily on
large-grid energy and communication networks. According to Freeman [59], damage to
these networks could put the communities at great risk considering the common occurrence
of natural hazard-related disasters yearly in Australia.

Tippett [61] investigated the programs to get effective emergency messaging out to
those individuals during natural hazard-related disaster response and recovery phases.
That study aimed to examine programming that would pass essential information and
instructions via formal and informal messages such as social media. Their findings detailed
that there is a need for a clearer understanding of decision-making under stress [61].
However, at the time, there was limited published evidence that threatened communities
would base their decisions on emergency instructions.

2.2. Digital Technology and Natural Hazard-Related Disaster Management

Digital technology in the natural hazard-related disaster management sector has
provided numerous advancements to disaster detection and warning which in turn has
certainly saved lives [62,63]. Martin’s [45] research in the Disaster Prevention and Manage-
ment Journal covers the importance of emergency communication and warning systems
(ECWS). Martin [45] stated that emergency communications and warning systems allow
people to make decisions and take actions before, during and after the emergency or
disaster. Furthermore, the purpose of the article was to determine the critical capacities
of Australia’s own EWCS’s. The research was performed by collecting qualitative data
submissions from stakeholders by summarizing coded statements. Findings concluded
that there is a broad range of ECWS in Australia but are limited by technology, suggesting
that future development needs more resources and time to improve our emergency and
disaster management [45].

Whittaker [64] detailed two current types of warnings for bushfires. Those that
communicate the potential dangers based on intensity, rate of spread, and suppression
likeliness, and those that provide alerts to the local communities and advise them how
to respond. It further elaborated that although some residents found the process easy
and useful, others either took on the advice too late or stayed to defend their homes.
Accordingly, there is a tendency for people to seek confirmation of the bushfire threat
before taking protective action, most commonly to avoid unnecessary evacuation and its
associated costs [63].

Some detection and warning systems over Australia’s history have had severe conse-
quences from failing technology. Victoria’s failure to respond to the Black Saturday bushfire
is a prime example. On 7 February 2009, a devastating bushfire raged through the forest
hills north of Melbourne killing 173, displacing over 7500 families, and destroyed a few
small towns [65]. Australian news media organizations are still far more conservative in
using social media platforms, even compared with international conglomerates, although a
few real-time blogs existed [65].
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On 2 April 2007, a magnitude 8.1 earthquake occurred 10 km below the sea level
near Solomon Islands of Papua New Guinea. The east coast of Australia detected the
tsunami and prepared for similar damage declaring a state of emergency [66]. Until
recently, Australia did not have any similar detection technologies for any of its more
common natural hazard-related disasters. During the 2019–2020 bushfires, Australia
used unmanned aerial vehicles (UAV) to locate and monitor the bushfires potential path.
Ullah [67] stated that the bushfires can be mapped using geographical information systems
(GIS) and remote sensing techniques, and subsequently, the hotpots can be monitored, and
damages can be assessed. Additionally, the data provided by the UAV’s combined with
the Australian Bureau of Meteorology and GIS data can be used to develop mapping to
identify patterns and fire development [67].

2.3. Social Media Analytics and Natural Hazard-Related Disaster Management

In 2015, the School of Creative Media in Hong Kong published a comprehensive
research article on the lack of professional monitorization of content on social media.
Li & Suh [68] examined how the credibility of public social media is affected because of
misleading or insignificant information posted just to attract attention. They [67] further
supported his findings through careful examinations of various Facebook posts that showed
that activeness and argument strength were the key factors of credibility. Nonetheless, social
media has proven itself useful and effective in times of natural hazard-related disasters.
Chatfield et al. [69] detailed in their study that Twitter provided a viable substitute to
traditional communication channels during the recent disasters. It is concluded that a
Twitter-based warning system that is government-run would provide quick, publicly
accessible, and comprehensive disaster management to reduce the risk to life in natural
hazard-related disasters [69].

To further advocate social media’s importance to natural hazard-related disaster
damage management, Wang & Ye [7] stated that despite a large variety of metadata fields
in social media data, four dimensions (i.e., space, time, content, and network) have been
given particular attention for mining useful information to gain situational awareness
and improve disaster response. Their study [7] went on to conclude that there is a need
for public human-centric information to better enhance our disaster management timing,
quantity, and accuracy. Using the Black Saturday bushfires in Victoria as an example of a
natural hazard-related disaster, Akama [70] identified the role of social media to be a critical
aspect of resilience. It disclosed that those communities that have well-established social
media networks and connections had the better adaptive capacity and greater awareness
of the imposing risks, thereby leading to a higher chance of survival [70]. According
to Mirbabaie et al. [71], agencies can distribute and gather relevant information to help
improve their own management methods, however, several human communication barriers
can limit their effectiveness. They [71] proposed a social-psychological theory called
nudging in which human behavior is influenced in an easily reversible way without
resulting in any particular action. In the context of social media analytics, a qualitative social
media data analysis of Twitter messages relevant to the 2019–2020 Australian bushfires was
performed. Mirbabaie et al. [71] stated that their findings implied that it provides initial
insights into what nudges seem to effectively tempt people, in extreme situations, to make
decisions in the interest of their own and others’ safety as well as how they can be applied
in a social media context.

As evidenced in the reviewed literature, big data social media analytics is a promising
method in estimating natural hazard-related disaster damages. Nonetheless, there is limited
understanding and empirical evidence on the use of such an analytic method. This is an
important gap in the literature and, hence, this study attempts to showcase how social
media analytics can be utilized to assist government authorities in estimating the damages
linked to natural hazard-related disaster impacts on urban centers in the age of climate
change. The methodological approach is detailed in the following section.
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3. Materials and Methods

The case study employed in this research paper examines Twitter data localized to the
states and territories of Australia. As the research question presents social media analytics
as a metric for estimating disaster damage in property and land, it was pertinent that
the case study centers upon a geographical area in which it is not uncommon for natural
hazard-related disasters to occur, as well as one whose population included a significant
portion of social media users. To illustrate the impact natural hazard-related disasters
have had upon Australia, CANSTAR [72] has produced the following hierarchy of natural
hazard-related disasters faced by Australians between 1900 and 2015 (Table 1), ordered by
number of fatalities.

Table 1. Fatalities due to natural hazard-related disasters in Australia.

Natural Hazard-Related Disasters Number of Fatalities

Extreme heat 4555
Floods 1911

Tropical cyclones 1216
Bushfire 974

Lightning 562
Gusts 527

Landslide 96
Tornado 53

Earthquakes 17
Hail 3

Heatwaves, floods, cyclones, fires, storms, wind, landslides, tornadoes, and hailstorms
each render severe impacts not only to human life, but to property and land accordingly in
Australia. While the damages of such events have previously been difficult to accurately
and timely capture using common metrics [73], real-time big data of widely adopted social
media platforms may present a solution. As of 2021, 79.9% of the Australian population
are active users of some form of social media, spending an average of one hour and 46 min
on various social media platforms [74].

The platform of twitter is the sixth most used social media outlet nation-wide [74].
While other platforms such as Facebook, Snapchat or Instagram may represent a larger
portion of the Australian market, Twitter’s comparatively concise 280-character limit on
users’ posts and messaging allows for extraction of big data that is more readily available
for processing, analysis, and evaluation for the purposes of this research. A case can
be made that the research framework of this study could be tailored to apply to other,
more robust social media inputs from various platforms to estimate natural hazard-related
disaster damage.

Instead of using a traditional data collection method, the methodological approach
that was applied in this study employs a contemporary method. Social media analysis is
an ever-changing platform, where people can share their opinions and has recently become
a new source of qualitative data. This data collection method started to be used as the
main data source in many studies. The major benefit of analysis social media data is that
it offers an opportunity to engage with a larger group of people, in an unbiased setting.
Furthermore, it allows researchers to engage with people from broader geographic areas
with the help of location of social media users, which is tagged in their post. Accordingly,
geo-Twitter data have been a successful data type and have been adopted in this study. A
geo-twitter analysis increased efficiency in analysis large datasets of shared opinions and
real-time information on ongoing social issues.

Initially, sentiment and contents analysis were completed for the total number of
location-based Twitter message as seen in Figure 1. To do this, the original dataset was
obtained from the QUT Digital Observatory (https://www.qut.edu.au/institute-for-future-
environments/facilities/digital-observatory/digital-observatory-databank, access on 5

https://www.qut.edu.au/institute-for-future-environments/facilities/digital-observatory/digital-observatory-databank
https://www.qut.edu.au/institute-for-future-environments/facilities/digital-observatory/digital-observatory-databank
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April 2021). The original dataset included 203,291 tweets. Later, these tweets were filtered
down to 131,673 tweets. This was done using four data filtering processes, which included
frequency analysis, location, date, and relevance filter. While a bot filter is used to remove
mass-produced Twitter messages, VPN users, proxies and fake accounts are not investigated
as we believe they will be in minimal quantity in a large dataset of over 100,000 messages.
The data extraction of twitter messages of the Australian public concerning natural hazard-
related disaster damages was carried out for the purpose of a qualitative social media
analysis. In the extraction and analysis of these data, several different software tools and
processes were utilized.
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Firstly, we selected a time period for the analysis. Therefore, any tweets outside of
Australia and not within 1 July 2019 to 31 December 2020 were removed from the dataset.
The reason for selecting an 18-month period was to capture the latest natural hazard-related
disasters in Australia. In addition, this was done to ease the analysis task, as there have
been over 400,000 tweets on disasters and damages shared annually in Australia during
the past five years. During this screening process, despite the overall ‘disaster’ term is used
as keyword, a manual check is conducted to make sure these disasters are actually ‘natural
hazard-related disasters’. Similarly, for the keyword of ‘damage’, a manual screening is
undertaken to make sure the meaning of ‘damage to infrastructure or property or livelihood’
is maintained.

Secondly, a program called Nvivo, which is a content analysis automatic software
system, filtered all the tweet repetition. A word frequency was also conducted using Nvivo,
with the aim of identifying important themes, concepts, and clusters.

Thirdly, a word co-occurrence identified tweets that discussed both disasters and
damages in a single twitter message. For this analysis, Nvivo was also employed.

Fourthly, a spatial analysis was conducted to complement the content analysis. This
includes tweets being separated by location and connected to help categorize themes, con-
cepts, disasters, and damages based on these locations. This analysis created an overview
of disaster and damage clusters for each state/territory in Australia.
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Then, a sentiment analysis was conducted using WEKA [75,76] to further analyze
the word content. These words were classified on a scale of one to three to measure the
sensitivity. The following is the scale used to conduct the sentiment analysis: 1 = positive
sentiment, 2 = negative sentiment and 3 = neutral sentiment. The sensitivity of these specific
words was showcased in Table 2 with exemplary tweets.

Table 2. Example tweets for two sentiment categories.

Date and Time State/Territory Tweet Sentiment

20 October 2020 18:06 WA

‘The union for firefighters has
issued a dire warning over

catastrophic bushfire conditions
and the lack of necessary resources.
It says lives were at risk because the

city headquarters was left with
insufficient trucks.’

Negative

20 October 2020 18:05 TAS
‘As a ferocious bushfire reached his
farm, 12-year-old Lucas grabbed his

dog and drove to safety.’
Positive

25 June 2020 18:35 NT

‘It’s not good enough that bushfire
victims who lost their home in
January still haven’t had debris

cleared from their property in July.’

Negative

23 December 2019 19:09 ACT
‘Wild storms lashed last night

flooding local roads and backyards
across the region.’

Negative

5 November 2020 7:25 SA ‘So many koalas were burnt and
killed in the bush fires.’ Negative

21 December 2019 15:38 QLD
‘Gold Coast as emergency

authorities warn of flooding risk for
properties.’

Negative

19 November 2019 0:34 NSW

‘The most important and positive
thing to emerge in Bushfire

communities has been how people
have organized to help themselves.

We have the recovery plan.’

Positive

10 April 2019 9:23 VIC

‘Unbelievable scenes coming from
coastal Victoria with around 4000

people stranded on a beach at
Mallacoota with a bushfire heading

towards them.’

Negative

Finally, a network analysis was conducted to present the relationship between disaster
and damages themes, concept, and clusters. Based on the time-stamp of each tweet
provided, the process involved narrowing the scope of the research upon ‘clusters’ of
tweets. The rationale behind this was that a cluster of disaster-related tweets around
the same time would mostly indicate the occurrence of a significant disaster currently
taking place.

4. Results
4.1. General Observations

After the initially obtained 203,291 tweets were filtered, from the final dataset of
131,673 tweets, 21.8% (n = 28,673) were originated from New South Wales ‘NSW’, 21.8%
(n = 28,661) were from Victoria ‘VIC’, 19.2% (n = 25,286) were from Queensland ‘QLD’,
18.4% (n = 24,275) were from Western Australia ‘WA’, 9.5% (n = 12,563) were from South
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Australia ‘SA’, 5.8% (n = 7602) were from Australian Capital Territory ‘ACT’, 2.7% (n = 3528)
were from Tasmania ‘TAS’, and 0.8% (n = 1085) were from Northern Territory ‘NT’. As
Australia is an urban nation with well over 80% of the population residing in the major
urban centers of the country, an overwhelming portion of the data (118,111 representing
89.7%) originated from urban centers of these states and territories.

Figure 2 visualizes the distribution of positive and negative sentiment per state/territory
across Australia. This revealed the low interest among the SA, VIC and NT communities
regarding disaster and damages. A wide range of hashtags were used in the circulated
tweet. Among them, hashtags such as: #Bushfires, #Winds, #Floods, #Drought, #Climate,
#Alert and #Emergency.
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4.2. Community Sentiments

Out of the analyzed 131,673 tweets, 74% (n = 97,438) of them carried negative sentiment
towards disasters and damages in Australia. Around 16% (n = 21,068) were positive
sentiments, and 10% (n = 13,167) were neutral sentiments, where such tweets used only a
set of hashtags to express their opinion rather than elaborative comments (Table 3).

Table 3. Positive and negative sentiment percentages per state/territory.

States and Territories Negative Sentiments % Positive Sentiments % Neutral Sentiments % Total Tweets Analyzed

New South Wales (NSW) 50.90% 29.11% 19.99% 28,673
Victoria (VIC) 77.70% 8.18% 14.12% 28,661

Queensland (QLD) 90.60% 4.44% 4.96% 25,286
Western Australia (WA) 88.70% 7.41% 3.89% 24,275

South Australia (SA) 64.40% 25.08% 10.52% 12,563
Australian Capital

Territory (ACT) 66.60% 26.40% 7.00% 7602

Tasmania (TAS) 66.40% 21.21% 12.39% 3528
Northern Territory (NT) 68.90% 25.75% 5.35% 1085

From the tweets originating from QLD and WA, n = 25,286 and n = 24,275, which
contained a negative sentiment of 90.60% and 88.70%, respectively. Both states had very
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negative sentiment towards damages and disasters. VIC had the third highest amount
of negative sentiment (n = 28,661) which resulted in 77.70%. Out of the tweets from TAS
(n = 3528) and ACT (n = 7602), both state and territory had similar negative sentiment,
66.40% and 66.60%, respectively. From the tweets originating from NSW (n = 28,673) and
SA (n = 12,563), 50.90% and 64.40%, respectively, were negative in nature, resulting in the
two lowest states showing negative sentiment towards disaster and damages. NT had the
lowest number of tweets relating to disaster and damages (n = 1085), among them, 68.90%
were negative. It is noted that user behaviors of the twitter platform indicate that overall,
negative sentiments in twitter posts tend to have greater ’virality’ and reach, incentivizing
negative sentiments even beyond the focus topic of disaster damages [77]. Example tweets
for each sentiment category are given in Table 2.

4.3. Temporal Analysis

Victoria (VIC): The results shown in the tables are the four positive and negative
clusters derived from all Australian state/territory tweets. Using the word frequency
analysis technique, 0–100 key frequently used words originated from the collected tweets.
Key frequently used words for positive clusters were ‘bushfires’ (n = 2595), ‘disasters’
(n = 895), ‘damage’ (n = 834) and ‘wind’ (n = 557). Similarly, VIC negative clusters are
as follows: ‘bushfires’ (n = 10,074), ‘damage’ (n = 3464), ‘disasters’ (n = 3252) and ‘wind’
(n = 2078) as shown in Table 4 and Figure 3.

Table 4. Positive and negative clusters.

Positive Sentiments Negative Sentiments

Keywords Cluster
1 (C1)

Cluster
2 (C2)

Cluster
3 (C3)

Cluster
4 (C4) Total Cluster

1 (C1)
Cluster
2 (C2)

Cluster
3 (C3)

Cluster
4 (C4) Total

Bushfire 367 1139 590 499 2595 1385 4642 2185 1862 10,074
Damage 126 428 192 149 895 476 1612 730 646 3464
Disaster 123 383 180 148 834 429 1555 690 578 3252

Wind 90 235 135 97 557 311 963 445 359 2078
Floods 59 191 83 81 414 232 847 373 297 1749
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Queensland (QLD): Based on a word frequency analysis, 0–100 key positive and
negative frequently used words were derived from QLD tweets. As indicated in Figure 2,
the number of negative tweets is higher than the number of positive tweets in QLD. The key
negative words were ‘bushfire’ (n = 8485), ‘damage’ (n = 4931), ‘disaster’ (2216) and ‘wind’
(n = 1428). Positive key concepts were ‘bushfire’ (n = 808), ‘disaster’ (n = 91), ‘damage’
(n = 91) and ‘wind’ (n = 17) as shown in Table 5 and Figure 4.

Table 5. Positive and negative clusters.

Positive Sentiments Negative Sentiments

Keywords C1 C2 C3 C4 Total C1 C2 C3 C4 Total

Bushfire 353 204 136 136 808 1123 4746 1321 1295 8485
Damage 43 - - - 43 652 1794 623 1862 4931
Disaster 25 42 - - 91 423 1184 356 253 2216

Wind 9 8 - - 17 392 452 245 339 1428
Floods 13 13 - - 13 308 205 194 248 955
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Figure 4. QLD positive and negative number of tweets.

New South Wales (NSW): Figure 5 represents the number of negative and positive
tweets for the state of NSW. Table 6 and Figure 5 show the negative and positive clusters
with the highest word frequencies. The key word frequencies found in the negative tweets
are ‘bushfires’ (n = 9674), ‘damage’ (n = 2406), ‘disaster’ (n = 1937) and ‘wind’ (n = 1903).
The positive cluster words were ‘bushfires’ (2045), ‘damage’ (n = 743), ‘disasters’ (n = 823)
and ‘floods’ (n = 281).
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Table 6. Positive and negative clusters.

Positive Sentiments Negative Sentiments

Keywords C1 C2 C3 C4 Total C1 C2 C3 C4 Total

Bushfire 56 1124 523 342 2045 296 7700 1092 882 9674
Damage 186 120 186 251 743 634 1297 428 681 2406
Disaster 216 321 134 152 823 98 1716 61 160 1937

Wind 17 45 32 21 115 537 736 631 536 1903
Floods 76 99 51 55 281 585 518 273 454 1245

Australian Capital Territory (ACT): The keywords generated from the negative tweets
of ACT were ‘bushfires’ (n = 2211), ‘disaster’ (n = 718). ‘damage’ (n = 691) and ‘wind’
(n = 411). The positive keywords were ‘damage’ (n = 316), ‘disasters’ (n = 453) and ‘flood’
(n = 88)—as seen in Table 7 and Figure 6.

Table 7. Positive and negative clusters.

Positive Sentiments Negative Sentiments

Keywords C1 C2 C3 C4 Total C1 C2 C3 C4 Total

Bushfire - - - - - 17 1633 289 272 2211
Damage 43 38 62 85 316 138 206 152 195 691
Disaster 57 112 62 85 316 139 267 143 169 718
Floods - - - - - 36 308 24 50 418
Wind 37 - 30 21 88 118 91 66 136 411
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Figure 6. ACT positive and negative number of tweets.

Northern Territory (NT): NT has the lowest number of negative and positive word
frequency generated from the tweets as shown in Table 8 and Figure 7. These were ‘bushfire’
(n = 48), ‘damage’ (n = 32), ‘disaster’ (n = 30) and ‘wind’ (n = 11). The negative words of all
clusters were ‘bushfire’ (n = 244), ‘disaster’ (n = 85), ‘floor’ (n = 69) and ‘damage’ (n = 60).

Table 8. Positive and negative clusters.

Positive Sentiments Negative Sentiments

Keywords C1 C2 C3 C4 Total C1 C2 C3 C4 Total

Bushfire - 21 13 14 48 2 189 27 26 244
Damage 8 10 14 32 15 24 21 - 60
Disaster 3 6 9 12 30 17 38 15 15 85
Floods 6 - - 6 12 14 18 13 24 69
Wind - 6 3 2 11 2 43 4 3 52

South Australia (SA): Positive and negative numbers of tweets for SA are displayed
in Table 9 and Figure 8. The positive words were ‘bushfires’ (n = 632), ‘disaster’ (n = 519),
‘damage’ (n = 338) and ‘wind’ (n = 130). The frequently used negative words were ‘bushfire’
(n = 3354), ‘disaster’ (n = 1206), ‘damage’ (n = 1146) and ‘wind’ (n = 791).

Table 9. Positive and negative clusters.

Positive Sentiments Negative Sentiments

Keywords C1 C2 C3 C4 Total C1 C2 C3 C4 Total

Bushfire - 117 188 123 632 30 2641 385 298 3354
Damage 72 241 62 87 338 264 302 319 261 1146
Disaster 79 - 94 105 519 238 509 190 269 1206
Floods 21 68 8 4 33 197 168 145 221 731
Wind 36 321 14 12 130 28 680 26 57 791
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Tasmania (TAS): The term ‘bushfire’ (n = 173) was the most mentioned positive key-
word as well as ‘damage’ (n = 115), ‘wind’ (n = 119) and ‘disaster’ (n = 85). The most
tweeted negative words were ‘bushfire’ (n = 955), ‘damage’ (n = 336), ‘disaster’ (n = 288)
and ‘flood’ (n = 204) in tweets from TAS—as seen in Table 10 and Figure 9.

Table 10. Positive and negative clusters.

Positive Sentiments Negative Sentiments

Keywords C1 C2 C3 C4 Total C1 C2 C3 C4 Total

Bushfire 52 28 62 31 173 182 152 346 275 955
Damaging 26 39 48 42 155 61 58 116 101 336

Disaster 13 15 31 26 85 58 50 94 86 288
Floods 8 14 29 19 70 45 35 62 62 204
Wind 14 27 41 34 116 36 28 71 61 196
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Figure 9. TAS positive and negative number of tweets.

Western Australia (WA): Most of the tweets made in WA are negative as shown in
Table 11 and Figure 10. The most frequent negative words were ‘bushfire’ (n = 5151),
‘disaster’ (n = 1269), ‘damage’ (n = 1241), and ‘wind’ (n = 604), whereas frequent positive
words from tweets were ‘bushfires’ (n = 207), ‘wind’ (n = 149) ‘flood’ (n = 143) and ‘damage’
(n = 105).

Table 11. Positive and negative sentiment clusters.

Positive Sentiments Negative Sentiments

Keywords C1 C2 C3 C4 Total C1 C2 C3 C4 Total

Bushfire 62 32 62 51 207 713 644 2452 1342 5151
Damaging 29 15 22 39 105 173 150 678 240 1241

Disaster 17 24 32 11 84 165 149 626 329 1269
Floods 29 32 45 37 143 99 90 169 163 521
Wind 37 12 59 41 149 96 115 234 159 604
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5. Discussion
5.1. How Social Media Analytics Can Be Used in Estimating Natural Hazard-Related
Disaster Damage

Climate change-induced natural hazard-related disasters are the reality of our time [78,79].
In adopting our communities and cities to these disastrous events, innovative approaches have
become a savior; social media data analytics is one of these innovative approaches [80,81].
Social media have become an important alternative information channel to traditional media
during emergencies and natural hazard-related disasters. Given that in the age of climate
change, the severity and frequency of natural hazard-related disasters are on the rise, it is critical
to benefit from innovative technology solutions, such as social media data analytics [82,83].
Data obtained from these social media platforms can be used to warn others on unsafe areas
and fundraising for disaster relief [84].

At the onset of disasters and emergencies, local and national governments are tasked
to respond and rescue. In the event of an emergency, local government areas need to know
the disaster and location of the situation, severity and geographical measures of the impact
and which sectors (infrastructure, economic, environment or social) are affected. While
the dataset of this study was derived from past data, current emergencies require live
information and actionable reports for decision-making. The data captured in the findings
reveal themes and overall sentiment of people that may be impacted from these disasters
can be found in Table 12.

Table 12. Sentiment clusters by state/territory.

Cluster 1 Cluster 2 Cluster 3 Cluster 4

VIC 29 April 2019 to 29 May 2019 29 October 2019 to 1
March 2020

1 June 2020 to 15 July
2020

23 September 2020 to
15 December 2020

QLD 5 May 2019 to 15 June 2019 5 October 2019 to 1
May 2020

5 June 2020 to 8 July
2020

5 November 2020 to 19
December 2020

NSW 5 May 2019 to 20 June 2019 8 October 2019 to 10
May 2020

10 June 2020 to 13 July
2020

12 November 2020 to 21
December 2020

SA 19 May 2019 to 16 June 2019 16 October 2019 to 13
January 2020

10 June 2020 to 8 July
2020

15 November 2020 to
22 December 2020

NT 20 April 2019 to 15 June 2019 20 October 20219 to 20
January 2020

25 June 2020 to 18
August 2020

15 November 2020 to
16 December 2020

ACT 5 May 2019 to 16 May 2020 14 October 2019 to 16
April 2020

18 June 2020 to 3 July
2020

13 November 2020 to 5
December 2020

WA 10 May 2019 to 18 May 2019 10 October 2019 to 18
December 2020

10 May 2020 to 19 June
2020

15 November 2020 to 5
December 2020

TAS 4 October 2019 to 10 October 2019 6 October 2019 to 12
October 2020

6 June 2020 to 14 June
2020

15 October 2020 to 1
December 2020

The collected dataset from Twitter was divided in five categories: bushfire, damage,
disaster, floods, and winds. These disasters were very common and usually affected a big
portion of the human population. The statistics of the tweet dataset from all five categories
of natural hazard-related disasters used in this study are provided below.

• Total number of tweets for Bushfires: 40,148;
• Total number of tweets for Damages: 14,275;
• Total number of tweets for Disasters: 10,971;
• Total number of tweets for Floods: 7352;
• Total number of tweets for Winds: 6003.

Situational awareness and information sharing: Cluster 1 had the lowest negative
(n = 10,764) and positive (n = 2408) sentiment from the four clusters. Bushfire was the most
mentioned negative (n = 3748) and positive (n = 10,746) sentiment keyword. The cluster
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dates were similar between QLD, NSW and ACT which represented the major bushfire
that impacted the eastern states. VIC and NT were also impacted by bushfires during the
May 2019 period. However, WA and TAS Cluster 1 appeared in the October 2019 period
which also represented bushfires.

Cluster 2 has the highest negative (n = 38,555) and positive (n = 5520) sentiment
from the four clusters. Bushfire was also the most mentioned negative (n = 22,347) and
positive (n = 5520) sentiment keyword. The cluster dates were similar between all the
states and territories. This shows a major disaster has directly or indirectly impacted all the
communities in Australia. This is evident as Australia experienced one of the worst bushfire
seasons in its recorded history. This caused massive damage throughout the country, with
fires in each state and territory. The east coast (QLD, VIC, NSW) experienced widespread
destruction from mega-blazes, such as the Currowan bushfire, which was just one of many
catastrophic bushfires during the September 2019 to March 2020 period. In terms of the
impact, Australia saw 34 fatalities, 3500 homes lost, and 18.7 million hectares of area were
burnt. It is noted that TAS was not directly impacted by the fires, however, people were
sharing information and reacting highly negatively.

Cluster 3 was the second highest negative (n = 16,314) and positive (n = 3228) sentiment
from the four clusters. The most mentioned negative (n = 8097) and positive (n = 3228)
keyword was also bushfire. The cluster dates were also very similar between all the states
and territory. Nonetheless, the difference between positive and negative tweets diminished
from Cluster 2. This is due to bushfires becoming controlled and there was more positive
sentiment within the community.

Cluster 4 was the third highest negative (n = 15,266) and positive (n = 2832) sentiment
from the four clusters. Bushfire was still the most mentioned negative (n = 6252) and
positive (n = 1196) keyword. There was also a strong correlation between the states
and territories. There were a range of small bushfires that began from severe weather.
Nevertheless, the impact was low and is translated into minimal negative sentiment from
the community.

The clusters show that individuals use social media to gather and disperse useful infor-
mation regarding disasters in Australia. Individuals that use Twitter to spread awareness
can be categorized into two groups, situational awareness, and information sharing [85].
Clusters 1 and 2 were examples of situational awareness as the tweets provided a useful
insight into time and safety of a critical situation [86]. These tweets will be able to assist
first responder’s in assessing the amount of damage, victims’ location and needs. Infor-
mation sharing was evident in Clusters 3 and 4 as the disaster has already occurred and
could be used for directing needed resources into local communities that may have felt an
additional burden from the bushfires. Both situational awareness and information sharing
help accelerate disaster response and alleviate both property and human losses in crisis
management [87].

Sentiment analysis is a technique that could detect post for situation awareness. It is
useful to better understand the dynamics of the network, including user feelings, panics
and concerns, to identify polarity sentiment during disaster events [88]. A sentiment
analysis has revealed that from these clusters, it can be noted that the most frequently used
keyword was ‘bushfire’ as a natural hazard-related disaster in Australia. It was also the
most common negative keyword throughout all the states and territories. This is evident in
VIC (n = 4642), Qld (n = 4764), NSW (n = 7700), ACT (n = 1633), NT (n = 189), SA (n = 264),
TAS (n = 346) and SA (n = 2452). The most frequent positive keyword was also ‘bushfire’ in
VIC (n = 1139), QLD (n = 353), NSW (n = 1124), NT (n = 21), TAS (n = 62) and WA (n = 62).
Whereas in the ACT, ‘damage’ (n = 112) and, in WA, ‘wind’ (n = 321) were the most positive
keywords.

Acknowledging the negative sentiment during the bushfire crisis as seen in Clusters
1 and 2 allows for improved decision-making and helps authorities find answers to their
questions and make better decisions regarding disaster event assistance. As the 2019–2020
bushfire was the worst bushfire event that Australia has ever experienced, the high negative
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sentiment that was found in the findings could have been used to project the information
regarding the devastation and recovery situation and donation requests to the public in
more efficient ways [84].

Further, it is important for government agencies to capture the community perceptions
and demands immediately after a disaster event. Presently, in general, the governments
or related emergency agencies come to know about the community demands after several
months of an incident [22]. However, social media offers live or near real-time updates
about the community vulnerabilities of a disaster zone. Therefore, the government should
take necessary actions to benefit from the knowledge/situation awareness opportunities
social media channels provide. For that, responsible government agencies should present
and maintain a good role within the social networks. By being within these networks, the
authorities can quickly identify immediate community vulnerabilities and demands. At
the same time, these agencies also should take measures to filter misinformation/false
information that exists in social media networks [64].

5.2. Myths and Facts about Social Media Data for Disaster Damage Assessments

The emergence of the presence of the social network and crowdsourcing in disaster
damage assessment-related studies have enabled the application of inclusive disaster
management approaches more than ever before. However, since the first application
of social media data managing the Haiti earthquake and Tsunami, lots of myths and
facts emerged discouraging and encouraging the use of social media data in disaster
management. Among these, the most critical and valid arguments are: (a) social inequality
in the usage of social media—digital divide; (b) limited information from severely damaged
areas—spatial heterogeneity [89]; (c) low information accuracy, and (d) inability to do a
detailed disaster damage assessment.

The most common criticism is that not all people have equal access to social media
data, which is mostly referred to as ‘digital divide’ in the literature. Still, the authenticity of
this argument is considerably decreasing over time [90]. Social media and related platforms
became popular around 2006. There were 3.4 billion social media users by 2019 January,
and it is growing at an increasing rate. Especially with the COVID-19 pandemic, people
used more online platforms to work and study and the continuous lockdowns increased
the use of social media data. Therefore, digital devices and technology overtook many of
the priorities even low-income people had before the pandemic [91]. Even with the issues
of low bandwidths, coverage issues and related other issues, people have formulated their
own ways to overcome them [92].

Spatial heterogeneity in generating information from highly damaged areas during
a disaster is the second critical argument against the use of social media data in disaster
damage assessment. Besides, there is a high possibility of receiving more tweets from the
areas with more people [93]. Consequently, it is hard to determine the disaster damage
extent by simply using disaster damage-related data. For instance, this study tried to
identify ‘emerging unusual Twitter peaks’ in each state.

Low information accuracy is the third critical argument. Nevertheless, not particularly
for disaster damage assessment, this argument is plural towards most of the research studies
that follow social media data analytics. Sharing rumors, false information and generating
imaginary information could reduce the accuracy of the social media data. During a disaster
event, the social media usage becomes high and, eventually, the possibility of sharing
false information also becomes high. Therefore, the studies need to undertake specific
methods that have been adopted and discovered in the literature to limit the spreading of
misinformation. The respective authority presence in the social media networks can be
adopted to provide guaranteed information to the people.

Mostly, geolocated social media data or social media data with location information
are used in disaster management-related studies. Still, the accuracy of the locations tagged
in tweets may not be perfect [94]. Among many social media, Twitter is the prominent
social media that provides geotagged information for research purposes. Sometimes
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tagged locations may not represent the exact location information of the sender. This
is a possible drawback in using geotagged social media data for disaster management.
Albeit this is also becoming an outdated fact, as the social media platforms allow people to
tag distant locations. Consequently, any person can tag any location which relates to the
content discussed in the message. Moreover, circulation of geotagged images and videos in
social media is becoming a trendy topic that provides more location-specific, trust-worthy
information than the text messages [95].

Inability to do a detailed disaster damage assessment is the fourth argument that
exists specially for disaster damage-related studies. Disaster damage assessments can be
done from national level damage assessment to the local level disaster damage assessments.
This study factually proved the possibility of obtaining a bigger picture about the disaster
damages at state level. Therefore, based on the state level assessments, the national level
damage assessments can be obtained. In addition, with the prevalence of geotagged social
media messages, images and videos of certain locations, damaged buildings and so on,
disaster damage assessment-related studies on the local level will become popular in future
research studies since it has already become more a fashion than a practice to monitor the
environment through cameras of mobile handheld devices [96].

6. Conclusions

Climate change-induced natural hazard-related disasters have become frequent events
of our time sparing no corners of the world [97]. They are so common and disruptive that
even disaster terminology has been subject to change over the last decade [98–100]. These
more severe and frequent disasters are causing catastrophic results for many urban centers
around the globe [101]. Due to the magnitude of the problem, almost every time, local,
regional, and national emergency service authorities fail to manage the externalities of
these climate change-induced natural hazard-related disasters [102]. Novel and innovative
solutions are therefore needed to strengthen these authorities’ capabilities to combat with
the disruptive impacts of these disasters [103]. These solutions will also contribute to the
knowledge-based development of cities, and in return will help in the adaptability of cities
to climate change impacts [104,105].

The study reported in this paper focused on capturing the emotional state of local
populations during the event of natural hazard-related disasters occurrence through the
means of analysis of disaster damage-related geo-tweets. This analysis, in the context of
Australian states and territories, sheds light on how to analyze the geographic distribution
and occurrence frequency of various disasters and their damages based on the geo-tweets
analyzed. By doing so, the paper showcases the advantages of the use of social media data,
i.e., Twitter data, as an effective and (to a degree) unbiased source for natural hazard-related
disaster analytics. This provides insights into the impact of a particular disastrous event
may impose over a local community or a city/region. In sum, the study informs authorities
on an innovative way to analyze the geographic distribution, occurrence frequency of
various disasters and their damages based on the geo-tweets analysis.

In terms of prospective studies, we will expand the methodological approach to
incorporate social media data from other networks such as Facebook and Instagram to
increase the dataset and capture broader audiences. In addition to this, future studies
will also collect data from the disaster and emergency services related agencies’ social
media accounts. Investigating how information could be pre-processed to be immediately
usable by corresponding authorities is another future research direction. Additionally, we
will explore the use of real-time social media feeds and algorithmic analysis to provide
timely, critical and a deeper insight into real-time public perception of a natural hazard-
related disaster event. Lastly, in this study, our geographic unit of analysis was states
and territories. Thus, the paper presents an aggregated view on the use of social media
analytics in detecting natural hazard-related disaster impacts. Our prospective studies will
focus on more disaggregate level of analysis that includes cities, local government areas,
and suburbs.
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