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Global online social response to a natural disaster
and its influencing factors: a case study of Typhoon
Haiyan
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The global public interest in a natural disaster event will help disaster-stricken areas obtain

post-disaster international relief and assistance. However, knowledge gaps still exist in regard

to global online social responses and their socioeconomic influencing factors. We used big

social media data regarding the 2013 Super Typhoon Haiyan to explore global online social

responses and to investigate the socioeconomic factors influencing this behavior based on

the Geographical Detector (Geodetector) model and geographically weighted regression

(GWR) model. The results show that global online social responses have little relation with

geographical distance and follow the disaster’s development. In addition to the most

response in the disaster-affected countries, Western countries and neighboring countries

have more online social response to the disaster than other regions. Among all the influ-

encing factors, economic factors have the strongest effect on public interest both before and

after the typhoon’s landfall. Our findings indicate that online social users are of great potential

for volunteers and donors.
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Introduction

Natural disasters frequently occur around the world and
bring massive casualties, economic losses, and social
disruptions to countries and international society (Shen

et al., 2018; United Nations Office For Disaster Risk Reduction
(2020)). The synergies between disaster risk reduction and sus-
tainable development require global efforts (Aitsi-Selmi et al.,
2016). Especially for developing countries and less developed
regions, international humanitarian assistance and foreign gov-
ernmental aid are particularly essential for disaster risk reduction
and mitigation (Cook et al., 2018). In addition to governmental
rescuing relief and financial and economic assistance, donations
from the foreign private sector are critical resources for disaster-
stricken countries (Coppola, 2020). Evidence has confirmed the
significant impact of disasters on global public interest and
responses (David et al., 2016; Tan and Maharjan, 2018; Kam
et al., 2021).

Online social responses are the main reflection of public
interest, especially on a global scale. Due to the unbelievably rapid
progress in information and communication technologies and
personal mobile devices, online social networks have become a
vital and primary channel of information communication and
dissemination (Tang et al., 2021). Before, during, and after the
occurrence of a disaster event, global social media users are highly
active in posting, discussing, and forwarding the situation
(Kumar, 2020). In this manner, information related to a local
disaster event can be enhanced and immediately disseminated to
and spread through international society. Consequently, a local
natural disaster, especially a catastrophic disaster, will provoke
global social responses and attract more significant public interest
through online social networks (Ruan et al., 2022).

Thus, aid agencies and humanitarian organizations are
increasingly aware of the significance of communication during
natural disasters, which is conducive to not only the effective
implementation of relief but also timely social responses, and it
can stimulate the enthusiasm of donors even in remote countries
(Kam et al., 2021). Understanding global social responses to
disaster events and the influencing factors will help integrate
global society, enterprises, nongovernmental organizations and
other social forces to participate in humanitarian assistance. This
is of great significance and key to post-disaster reconstruction for
impoverished countries.

Nevertheless, research on global public interest in or online
social responses to a disaster is still a challenging issue, and it is
even more difficult on a global scale. Existing research on online
social responses follows three narratives: the emotions of social
media users, the themes of social media posts, and the Twitter
communication mechanism.

In a study on users’ emotions after a disaster, Chen et al. (2020)
explored the emotions and Twitter forwarding patterns of affec-
ted and nonaffected areas before and after the disaster, revealing
the significant impact of public emotional expression on the
release and redistribution of disaster-related information. Later,
scholars further studied the spatial and temporal distribution
characteristics of people’s negative emotions caused by disasters.
Garske et al. (2021) used the global and local Moran’s I to analyze
Twitter data with geographic references and negative emotions
and found that all negative emotions were clustered in the local
space during a disaster. Gruebner et al. (2018) used an ordinary
least squares regression model to evaluate the association between
pre-disaster and post-disaster discomfort rates and to detect
spatial clusters of negative emotions in various administrative
regions of New York City. In addition, some scholars have
combined machine learning methods to assess regional post-
disaster reconstruction recovery by studying the emotions and

perspectives of social media users after a disaster (Yan et al., 2020;
Contreras et al., 2022).

In research on the posting themes of social media users, Gar-
cía-Ramírez et al. statistically analyzed the posting themes of
social media users only in the disaster response stage (García-
Ramírez et al., 2021). Brandt et al. analyzed the posting themes of
social media users during the pre-disaster, disaster occurrence,
and post-disaster short-term and long-term periods (Brandt et al.,
2019). Zhang and Cheng used a machine learning method to
classify social media data, explored the change process of the
public’s discussion topics at different stages during disasters, and
analyzed the differences in people’s discussion content under
different emotions (Zhang and Cheng, 2021). Some scholars have
also studied different themes of online social response when
disasters occur. Correlation analyses demonstrate that there are
differences in themes between different genders and between
black and white groups when extreme disasters occur (Yuan et al.,
2020; Zhu and Liu, 2021).

Regarding the transmission mechanism of Twitter, Takahashi
et al. investigated the use of Twitter when and after Typhoon
Haiyan hit the Philippines and explored the external factors
(using time and geographical location) and internal factors
affecting the use of social media (Takahashi et al., 2015). How-
ever, the area covered by this study covered only affected coun-
tries. Kam et al. (2021) established a model to simulate global
attention to disaster events by using the relative search activities
of users of Google products, revealing that Western countries play
a dominant role in global attention to disasters.

However, there is still a lack of understanding of global online
social responses to disaster events and their influencing factors.
Applications of social media data in the global public interest to
disaster events have not been well investigated due to the lack of
typical datasets. To fill this knowledge gap, this study takes the
2013 Super Typhoon Haiyan, a historic deadly disaster in the
western Pacific, as a representative case to investigate the spa-
tiotemporal changes in global social responses and to attribute
their socioeconomic influencing factors in various countries.

Data and methods
Overview of Typhoon Haiyan. Super Typhoon Haiyan is one of
the most representative extreme disaster events. As the most
powerful typhoon (maximum sustained winds near the center of
315 km/h) ever recorded in the western Pacific, it swept across the
Philippines and other regions (Fig. 1) and caused severe losses to
the Philippines. According to official statistics, the direct eco-
nomic loss suffered by the Philippines was approximately 8.96
billion Philippine pesos (approximately 1.63 billion current US
dollars), and more than 16 million people were affected by the
disaster (NDRRMC Philippines, 2013). Due to its historic
intensity and damage power, Super Typhoon Haiyan attracted
global attention and public interest, and information flooded
Twitter (David et al., 2016; Shen et al., 2021).

The track of Typhoon Haiyan is shown in Fig. 3. Typhoon
Haiyan generated and developed rapidly in the South Pacific
Ocean on November 4, 2013. It was officially upgraded to a
tropical storm. On November 8, Typhoon Haiyan made landfall
along the coast of Guiuan in the Philippines with extremely
destructive winds, causing devastating damage to the country.
Typhoon Haiyan entered the central South China Sea on
November 9, and its intensity significantly weakened. Affected
by the circulation and the northeast monsoon, Typhoon Haiyan
turned to the north on November 10 and attacked the Hainan
Province of China. On November 11, due to the further influence
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of topography and wind direction, the intensity of Typhoon
Haiyan rapidly weakened, and it gradually dissipated.

Data and preprocessing. Tweets were obtained from the Twitter
platform using disaster hashtags and web crawler scripts based on
the method and data provided in previous publications (Mur-
zintcev and Cheng, 2017; Shen et al., 2021; Zhang et al., 2021).
The resulting global tweets related to Typhoon Haiyan from
November 4 to 20, 2013, totaled 234,042. The data contain the
location attributes or mobile phone location addresses of social
media users and were then geo-decoded into points through
ArcGIS 10.7 software.

In total, there are 113 countries included in the following
attributional analysis of this study (Fig. 2). Countries were filtered
out based on two criteria: (1) tweets from a country are missing
or number less than 30; and (2) the subsequent acquisition of
relevant data on influencing factors. In addition, due to a very low
penetration rate of Twitter users, China was excluded from this
study. Therefore, the countries in the attribution analysis include
8 South American countries, 10 countries in North America, 27
countries in Asia, 33 European countries, 33 countries in Africa,
and two Oceania countries (Australia and New Zealand).

The influencing factors and data sources in this study are
shown in Table 1. In the era of globalization, the interpretation of
online social responses to disasters is quite complex. They interact

with political power, surrounding social relations and cultural
significance and the process of global interdependence (Kam
et al., 2021). Therefore, this paper explores the political,
economic, social, cultural, natural and demographic factors that
affect the differences in online social responses to a disaster in
different countries. All of the specific factors and corresponding
indices are 2013 values.

(1) Political dimension: The government effectiveness can be
used to measure the quality of public and civil services,
independence from political pressure, the quality of policy
formulation and implementation, and the credibility of the
government’s commitment to such policies around the world
(Sadaf et al., 2018). People in high government effectiveness
countries have more willingness to express their response to
natural disasters.

(2) Economic dimension: The level of economic development
can reflect people’s capability to aid foreign countries in a
country. The economic development of a country can be
measured by per capita GDP. If a country is more connected to
other countries, its citizens are more interested in international
events. Therefore, exports of goods and services are selected to
measure the degree of trade openness.

(3) Social dimension: Transparent countries advocate the
construction of a harmonious and mutually supportive society
(Raschky and Schwindt, 2012). The corruption perceptions index

Fig. 1 The path of Typhoon Haiyan. The points indicate the center of Typhoon Haiyan. The dash line represents the moving route. The dash line boundary
shows the influencing range.
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(CPI) can be used to measure the social development of a country
and the position of the national public toward foreign aid.
Citizens of countries with higher levels of social development may
have more empathy and willingness to respond to foreign
disasters.

(4) Cultural dimension: Culture affects people’s willingness to
call for help and their views on aid, and it is an important
background for people to understand and respond to disasters
(Hoffman and Oliver-Smith, 2002). The level of education
explains the level of public awareness of disasters, which is
measured by the higher education enrollment rate here (Zhang
and Cheng, 2021). In addition, different religions have different
understandings of humanitarianism, which will also affect
people’s response to disasters to some extent. Here, religious
influence is measured by the proportion of mainstream religious
beliefs (i.e., Christianity, Islam, Buddhism, Hinduism) and the
proportion of nonreligious beliefs in a country.

(5) Natural dimension: The risks of natural disasters in a
country will affect the sensitivity and attention of domestic people
to extreme disaster events. The expected death rate, the affected
population rate and the GDP loss rate can be used to measure the
comprehensive natural disaster risk level of each country. In
addition, distance is an obstacle to generously responding to

others’ needs or caring actions, and it is one of the determinants
of online social responses to disaster events. The geographical
distance between countries and disaster places is expressed by the
Euclidean distance from different country capitals to Manila
calculated with ArcGIS.

(6) Demographic dimension: The social media user base of a
country will affect people’s response to disasters. Due to the lack
of precise accounts of Twitter users in each country in 2013, a
country’s total population is employed as a proxy index to
indicate the number of social media users.

Research workflow. The specific research flow of this study is
shown in Fig. 3. In this study, we used the number of disaster-
related tweets posted over a period to represent the online social
response to a disaster. Hence, the daily online social response was
obtained by calculating the number of daily tweets issued in a
region using the zonal statics tool in ArcGIS 10.7.

We calculated the daily global and country-wide online social
response to analyze the spatiotemporal evolution of online social
responses around the world. Based on its temporal changes, the
research period is divided into two stages: before and after the
typhoon lands. Then, the online social response changes before
and after the typhoon lands are mapped and revealed by

Fig. 2 Distribution of collected tweets and the study area in the attribution analysis. Red dots are the global located tweets regarding to Typhoon Haiyan.

Table 1 Influencing factors and data sources.

Target layer First-level factor Index Unit Data source

Politics Government situation Government effectiveness (GE) / https://data.worldbank.org /
Economic Level of economic development Per capita GDP Current U.S. dollar https://data.worldbank.org/

Openness to trade Export value Current U.S. dollar https://www.cnki.net/
Social Willingness to aid Corruption perceptions index (CPI) / https://tikenya.org/
Cultural Religion Proportion of major religions % https://zh.wikipedia.org/

Proportion of nonreligion % https://zh.wikipedia.org/
Education Enrollment rate in higher education % https://data.worldbank.org/

Natural Natural disaster risk level Mortality rate Per 104 people https://www.emdat.be
GDP loss rate Per 104 people https://www.emdat.be
Affected population rate Per 104 people https://www.emdat.be

Distance Geographic distance km Calculation in ArcGIS
Demographic Number of users Population People https://data.worldbank.org/
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calculating the number of tweets and the relative and absolute
differences in the two stages.

This study focuses on investigating the influencing factors of
online social responses. First, we selected indicators combined
with the literature, collected data (details in Section 2.3),
conducted a single-factor analysis of the differences in online
social responses to disasters in various countries using the
Geographical Detector (Geodetector), and then selected the
leading factors for the geographically weighted regression
(GWR) model for multifactor analysis. Finally, the spatial
differentiation of influencing factor coefficients and the variation
in the influencing factor coefficients before and after typhoon
landing are discussed.

Standard deviation ellipse. In this paper, the standard deviation
ellipse is used to quantitatively describe the spatial distribution
characteristics of global social media users’ attention to extreme
disaster events. This method can explain the spatial distribution
characteristics of geographical elements from global and spatial
perspectives (Lefever, 1926). Its calculation formula is as follows:

SDEx ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑n
i¼1 xi��xð Þ2

n

q

ð1Þ

SDEy ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

∑n
i¼1 yi��yð Þ2

n

q

ð2Þ

In the formulas, xi and yi are the coordinates of the ith
subregion. �x and �y represent the coordinates of the center of
gravity of subregion i. n is the total number of subregions.

Geographical detector. There are a large number of factors
selected in attribution analysis, and multicollinearity among fac-
tors easily occurs; leading factors and invalid factors cannot be
filtered out. Therefore, this paper utilized the Geodetector model
(Wang et al., 2010) to explain the driving forces influencing
online social responses to disaster events in various countries. Its

calculation formula is as follows:

q ¼ 1�∑L
h¼1 Nhσ

2
h

Nσ2
ð3Þ

In the formula, q is the measurement factor of the explanatory
power of the independent variable, and the range is [0,1]. L is the
independent variable. N and Nh are the number of samples in
the whole study area and layer h, respectively. σh2 and σ2 are the
variances in the Y value of layer h and the whole study area,
respectively.

Geographically weighted regression. In this paper, before fitting
the GWR model, it is necessary to use spatial autocorrelation to
test whether there is an agglomeration of an attribute in space.
Moran’s I index is generally used to describe the spatial char-
acteristics of the distribution of an attribute in the study area
(Moran, 1950). Its calculation formula is as follows:

I ¼ n∑n
i¼1 ∑

n
j¼1 Wij xi��xð Þ xj��xð Þ

∑n
i¼1 ∑

n
j¼1 Wij ∑

n
i¼1 xi��xð Þ2 ð4Þ

In the formula, xi is the observed value of country i. Wij is the
spatial weight matrix.

GWR is a local form of regression that models the spatial
heterogeneity of relations (Brunsdon et al., 1996). With the
change in local geographical position in space, the estimated
parameters are also different. The calculation formula is as
follows:

yi ¼ β0 ui; vi
� �þ ∑

p

k¼1
βk ui; vi
� �

xik þ εi ð5Þ

In the formula, yi is the dependent variable of sample i. (ui, vi)
are the latitude and longitude coordinates of sample i. β0(ui, vi) is
the regression constant of sample i. βk(ui, vi) is the coefficient of
the kth independent variable of sample i. p is the number of

Fig. 3 The research framework of the study.
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independent variables. xik is the kth independent variable of
sample i. εi is the random error of the model.

Results
Temporal evolution of global online social responses. Figure 4
shows the temporal evolution of the total number of global daily
tweets related to Typhoon Haiyan from November 4 to 20. The
number of tweets increased significantly from November 4 to 8
and decreased from November 9 to 20, with a slight increase from
November 10 to 11. The trend of global online social response
followed the development of Typhoon Haiyan. Typhoon Haiyan
generated and developed rapidly in the South Pacific Ocean on
November 4, 2013, and was soon upgraded to a tropical storm
and quickly attracted widespread interest from social media users
around the world. On November 8, Typhoon Haiyan landed
along the coast of Guiuan, the Philippines, with the highest wind
speed, caused thousands of casualties and heavy economic losses,
and attracted the highest global interest. From November 9 to 20,
the intensity of Typhoon Haiyan gradually weakened, it moved
throughout the Philippines, and global attention to it gradually
decreased.

There are two reasons for the increase in global online social
responses from November 10 to 11. First, the weakening
Typhoon Haiyan attacked the Hainan Province of China during
this period and caused minor casualties, which again attracted
global attention. Second, as disaster relief work was in full swing
after the disaster, global social media users increased their
attention and actively provided humanitarian relief (Zhang and
Cheng, 2021). In short, the response of global social media users
to extreme disaster events will change with the intensity of
disasters and the severity of damage caused in the process.

Moreover, we carried out a clustering analysis using the
Euclidean distance and the connection between groups to obtain
the time clustering tree diagram (Supplementary Fig. S1). Based
on Supplementary Fig. S1, online social responses were divided
into four categories: November 4–7, November 8, November
9–13, and November 14–20. These four types are closely related
to the evolutionary process of Typhoon Haiyan. November 4–7 is
the development stage, November 8 is the peak stage, November
9–13 is the extinction stage, and November 14–20 is the complete

dissipation stage. Therefore, in the following analysis, the
response of social media users to disasters around the world
was divided into two stages: before (November 4–8) and after
(November 9–20) Typhoon Haiyan’s landing.

Spatial pattern changes in global online social responses. The
online social responses around the world to Typhoon Haiyan are
roughly the same in the spatial distribution before and after the
typhoon’s landing (Fig. 5). Users in the Philippines, the main
affected country, had the strongest responses to Typhoon Haiyan.
Additionally, users in developed countries in Europe and North
America paid more attention to Typhoon Haiyan, mainly because
citizens in developed countries had greater capabilities, resources,
and capital for disaster relief than those in developing countries.
After the Philippines, users in the U.S. had the greatest interest in
Typhoon Haiyan. The reason may be that the Philippines was
once a colony of the U.S., and there were more common political
and economic values, as well as stronger social and cultural
connections, between these two countries and their citizens. Due
to geographical proximity, neighboring countries (e.g., Australia,
Vietnam, and Indonesia) paid relatively strong attention to
Typhoon Haiyan. Africa and West Asia had the fewest responses
to Typhoon Haiyan.

By calculating the relative and absolute differences in tweets
before and after Typhoon Haiyan’s landing, we analyzed the
spatial distribution of online social response differences around
the world. As shown in Fig. 6, most countries had more responses
to disaster events after the typhoon made landfall. Among them,
Bhutan, Botswana, Luxembourg, Mongolia, Uruguay, and Nigeria
saw increases of 39 times, 15 times, 12.5 times, 12 times, 11.6
times, and 11.4 times, respectively, compared to the countries
before Typhoon Haiyan’s landing. However, some small countries
saw decreases in responses. For instance, in Andorra, Guyana,
Seychelles, North Korea, and Papua New Guinea, responses
decreased by 50%, 50%, 50%, 43% and 10%, respectively,
compared with those before the typhoon’s landing. The online
social responses in Liechtenstein, Chad, Antigua and Barbuda
even dropped to zero. This may be because these countries have
weak national strength and are unable to provide more attention
and assistance to the outside world. In addition, some countries

Fig. 4 Temporal changes in global tweets and maximum wind speed near the typhoon center. Solid line shows the changes of wind speed around the
typhoon center. Dash line demonstrates the daily number of tweets regarding to Typhoon Haiyan.
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restrict the use of Twitter, making it impossible to truly reflect the
attention of domestic social media users to Typhoon Haiyan.

Factor detection of online social responses to the disaster. The
results of single factors affecting online social responses before
Typhoon Haiyan’s landing are listed in Table 2. Overall, eco-
nomic factors have the greatest influence on the response, while
natural, demographic and cultural factors have a relatively weak
influence. The social factors are the weakest, while the political
factors are not significant. The impact of economic factors may be
due to the social and geographical disparities in the use of
Twitter, and areas with higher disaster-related Twitter usage are
generally communities with better socioeconomic conditions
(Zou et al., 2018).

Specifically, six factors have significant impacts on online social
responses. According to the q values, their explanatory power is,
in descending order, export value, the GDP loss rate, total
population, per capita GDP, the proportion of nonreligious
beliefs, and the CPI. Among them, export value, the CPI, the
proportion of nonreligious beliefs, the GDP loss rate, and
population are higher than other factors and are all significant
at the 0.05 level, indicating that these influencing factors have
major explanatory power in regard to the dependent variable.

Table 2 shows that the major factors do not change much after
landing. Economic factors still have the greatest influence on the
response in various countries, while natural, demographic,
cultural, and social factors have a weak influence. All six factors
are significant at the 0.01 level. In addition, political factors have
the weakest but most significant influence. Based on the q value,

Fig. 5 Maps of global online social response before and after the landfall. a The global distribution of the amount of tweets before the landfall of Tyhoon
Haiyan. b The global distribution of the amount of tweets after the landfall of Tyhoon Haiyan.
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the explanatory power of these factors is ranked as follows: export
value, per capita GDP, the GDP loss rate, population, the
proportion of nonreligious beliefs, the CPI, and the DI.

Comparing the dominant factors before and after the
typhoon’s landing, we find that the difference lies in whether
political factors are included. Before and during the disaster,
social media users focused more on reporting the progress of the
disaster, the extent of damage, property losses and other disaster
situation facts. Tweets mainly reflected users’ views, attitudes, and
thoughts on reports of disaster events and the official emergency
response. Therefore, the political effect is relatively weak in the
five target layers. In contrast, during the post-disaster period,
users focused more on disaster recovery and international
humanitarian assistance. Governments in more democratic
countries tended to be more inclined to help disaster-hit

countries. Moreover, the actions taken by the national govern-
ment attract the attention and assistance of the local people.
Therefore, compared with the stage before and during the
disaster, the dominant factor in the post-disaster stage involved
political factors.

Attributing multiple factors affecting online social responses
before landfall. After the normalization of the dominant factor
and the dependent variable, the GWR model was regressed, and
the results are summarized in Table 3. Only one factor was
selected as the dominant factor of each target layer to achieve
dimensionality reduction of the influencing factor to obtain more
accurate research conclusions and avoid the repeatability and
inefficiency of the research (Garske et al., 2021). Nevertheless,
both per capita GDP and export value could represent the

Fig. 6 Maps of global online social response changes before and after the landfall. a The global distribution of the absolute differences of tweets before
and after the landfall of Tyhoon Haiyan. b The global distribution of the relative differences of tweets before and after the landfall.
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economic target layer. The export value was selected since it can
also reflect a country’s connection to others. The R2 values of the
two research stages (before and after landing) are 0.94 and 0.90,
respectively, indicating that the model fitting effect is good.

As shown in Table 3, the coefficients of the factors are both
positive and negative, indicating that these five influencing factors
fluctuate greatly in space and have an unstable influence on the
interest of social media users.

Overall, from Fig. 7, export values and population have a more
positive influence on online social responses around the world.
CPI and the proportion of nonreligious beliefs generally have a
negative influence on the online social response in many
countries. The GDP loss rate has a complicated influence on
the online social response which has a positive influence in North
America, North Africa, and Russia but a negative impact in other
regions.

Regarding spatial distributions, the coefficients of export
value are overwhelmingly positive around the world (Fig. 7a).
This pattern indicates that the economic and trade links
between countries have positive impacts on the online social
responses to natural disasters. In detail, the coefficients are
relatively high in North and South American countries. The
coefficients of Western Europe, West Africa, East Africa,
Oceania, and Southeast Asia follow. Countries in Eastern
Europe and Southern Africa have lower coefficients. In
addition, exports of goods and services have only a significant
negative effect in Iceland. This exception may be due to its few
economic connections to the Philippines.

Figure 7b indicates that the CPI has both positive and
negative effects on online social responses in different

countries. The countries with higher influencing factor
coefficients are mainly distributed in Western Europe, among
which Iceland, the U.K., France, and Switzerland have the
highest influencing factor coefficients, i.e., 0.13, 0.06, 0.06, and
0.05, respectively. Countries with lower coefficients of the CPI
are mainly distributed in North America and northern South
America. In addition, the CPI has positive effects in 82.3% of
countries, which are mainly distributed in North Africa,
Oceania and Europe.

The coefficients of the proportion of nonreligious beliefs have
both positive and negative effects on the social response to
disasters in different countries (Fig. 7c). From the perspective of
the spatial distribution, the countries with higher coefficients of
the proportion of nonreligious beliefs are mainly distributed in
southern South America and Central Africa, among which
Madagascar, Lesotho, Argentina, Malawi, and Costa Rica have the
highest influencing factor coefficients, i.e., 0.07 for all these
countries. Countries with lower coefficients of the proportion of
nonreligious beliefs are mainly distributed in northern North
America and West Africa. In addition, the proportion of
nonreligious beliefs showed a negative influence in 34.5% of
countries, mainly distributed in North America, western South
America, Western Europe, and West Africa. Although the
proportion of nonreligious beliefs in these countries is not low,
the religious belief in these regions is mainly Christianity. This
may be due to the characteristics of Christianity’s religious belief,
leading to the positive effect of the proportion of unbelief in these
regions.

The GDP loss rate has a positive effect on the responses in
most countries (Fig. 7d), indicating that countries prone to
natural disasters and vulnerable carriers are more sensitive to
extreme disaster events, and social media users will have more
interest in disasters. The countries with higher coefficients of the
GDP loss rate are mainly distributed in Eastern Europe, among
which Ukraine, Russia, and Lithuania have the highest influen-
cing factor coefficients, i.e., 0.33, 0.32, and 0.31, respectively.
Countries with lower coefficients of the GDP loss rate are mainly
distributed in Western Europe, among which Switzerland, the
Netherlands, France and the United Kingdom have the lowest
influencing factor coefficients, i.e., −0.17, −0.15, −0.15, and
−0.12, respectively. In addition, the GDP loss rate of 11.5% of
countries has negative effects; the countries are mainly distributed
in Western Europe, Oceania, and Southeast Asia. It may be that
these countries are close to the disaster area and have a relatively
high level of natural risk; thus, users in these countries pay more
attention to calming people’s emotions rather than the disaster
itself.

The population has a generally positive effect on online social
responses to disasters in various countries (Fig. 7e), indicating
that countries with a large population base will pay more active
responses to extreme disaster events. The countries with higher
coefficients of population are mainly distributed in Western
Europe, among which Iceland, the U.K., France and Switzerland
have the highest influencing factor coefficients, i.e., 3.27, 1.47,
1.47, and 1.23, respectively. Countries with lower influencing
factor coefficients are mainly distributed in North and South

Table 2 Single-factor analysis before and after Typhoon
Haiyan made landfall.

Target layer Factor q value

Before After

Political GE 0.0864 0.0987*
Economic Per capita GDP 0.1651 0.1780

Export value 0.2285** 0.2392**
Social CPI 0.0985* 0.1118*
Cultural Enrollment rate in higher

education
0.0529 0.0549

Christian 0.0227 0.0249
Islam 0.0155 0.0181
Buddhism 0.0023 0.0019
Hinduism 0.0158 0.0285
Other religions 0.0444 0.0442
Proportion of nonreligious beliefs 0.1199** 0.1389*

Natural Mortality rate 0.0212 0.0252
GDP loss rate 0.1882** 0.1685*
Influencing population rate 0.0169 0.0204
Geographic distance 0.0437 0.0474

Demographic Population 0.1788** 0.1684*

(** represents p < 0.05, * represents p < 0.1).

Table 3 Regression coefficient summary of the GWR model before landfall.

Factor Min Max Mean Upper quartile Median Lower quartile

Export value −0.1084 1.1977 0.2679 0.1473 0.1022 0.0776
CPI −0.0716 0.1274 0.0072 0.0275 0.0020 −0.0002
Proportion of nonreligious beliefs −0.1711 0.0298 −0.0092 0.0066 −0.0043 −0.0154
GDP loss rate −0.1726 0.2134 0.0085 0.0400 0.0034 −0.0022
Population −0.9137 3.2658 0.1822 0.3388 0.0243 0.0058
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America, among which Chile, Peru, and Brazil have the lowest
influencing factor coefficients, i.e., −0.91, −0.86, and −0.84,
respectively.

Attributing multiple factors affecting online social responses
after landfall. The GWR coefficients of each influencing factor
after landing are statistically summarized in Table 4 and shown in
Fig. 8. The coefficient statistics of export value, the CPI, the
proportion of nonreligious beliefs, the GDP loss rate, and
population are similar to the situation before landing. The coef-
ficient value of the GE of the increased influencing factor is
positive and negative, indicating that the influencing factor also
fluctuates in space and its effect is changeable.

Figure 8a shows that the influencing factor coefficient of the
GE has significant spatial heterogeneity, with values ranging from
approximately −0.16 to 0.10. These results indicate that most of
GE has positive and negative effects on the attention of social
media users to disasters. From the perspective of spatial
distribution, the countries with high influencing factor coeffi-
cients are Australia (0.10) and European countries, such as
Norway (0.98), Denmark (0.96), Sweden (0.94), and Germany
(0.92). Countries with lower influencing factor coefficients are
mainly distributed in American countries, among which Mexico,
Ecuador, Guatemala, El Salvador and Costa Rica have the lowest
five influencing factor coefficients, i.e., −0.16, −0.15, −0.14,
−0.14, and −0.14, respectively. In addition, the negative effects of
GE are mainly distributed in the Western Hemisphere and
Western Africa.

Fig. 7 Maps of the coefficients of influencing factors before landfall. a Export value, b CPI, c proportion of nonreligious beliefs, d GDP loss rate,
e population.

Table 4 Regression coefficient summary of the GWR model after landfall.

Factor Min Max Mean Upper quartile Median Lower quartile

GE −0.1553 0.0996 0.0129 0.0674 0.0164 −0.0002
Export value −0.0155 1.2378 0.2754 0.1919 0.1251 0.0918
CPI −0.0672 0.1873 0.0532 0.0180 −0.099 −0.0319
Proportion of nonreligious beliefs −0.1458 0.0246 −0.0231 −0.0016 −0.0174 −0.0209
GDP loss rate −0.1217 1.5357 0.0317 0.0172 0.0033 −0.0039
Population −0.9859 2.3526 0.1067 0.3056 0.0164 0.0059
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The export value is positively correlated with the attention of
social media users to the disaster and is generally consistent with
the distribution pattern of the influencing factor coefficient of
export value before the typhoon made landfall (Fig. 8b). However,
the influencing factor coefficient changed. Chile, Peru, Argentina,
Uruguay, and Brazil had the five highest influencing factor
coefficients, i.e., 1.24, 1.23, 1.22, 1.21 and 1.19, respectively. Iceland,
Indonesia, Malaysia, Ireland, and Cambodia had the lowest five
coefficients, i.e., −0.15, 0.02, 0.04, 0.05 and 0.06, respectively.

The CPI is positively and negatively correlated with the
attention of social media users to the disaster (Fig. 8c) and
changes with the distribution pattern of the influencing factor
coefficient of the CPI before the typhoon’s landing. Canada, U.S.,
Mexico, Guatemala, and El Salvador had the highest influencing
factor coefficients, i.e., 0.19, 0.16, 0.14, 0.13, and 0.13, respectively.
Sweden, Finland, Estonia, Latvia and Norway had the lowest
influencing factor coefficients, i.e., −0.07, −0.06, −0.06,−0.06,
and −0.06, respectively.

The proportion of nonreligious beliefs has both positive and
negative correlations to the attention of social media users to the

disaster (Fig. 8d) and is basically consistent with the pattern of the
influencing factor coefficient of the proportion of nonreligious
beliefs before the typhoon’s landing. However, the influencing factor
coefficient changed. Iceland, Brazil, Uruguay, Kenya, and Tanzania
had the highest influencing factor coefficients, i.e., 0.025, 0.010,
0.008, 0.008, and 0.008, respectively. Cuba, Jamaica, Mexico,
Guatemala, and Honduras had the lowest influencing factor
coefficients, i.e., −0.15, −0.14, −0.14, −0.13 and −0.13, respectively.

The GDP loss rate is positively correlated with the attention of
social media users to the disaster (Fig. 8e) and is different from the
distribution pattern of the influencing factor coefficient of the GDP
loss rate before the typhoon’s landing. The influencing factor
coefficient changed. Iceland, Ireland, Canada, the U.S., and Cuba
had the highest influencing factor coefficients, i.e., 1.53, 0.47, 0.35,
0.29, and 0.15, respectively. Poland, Denmark, Germany, Moldova,
and Sweden had the lowest influencing factor coefficients, i.e.,
−0.12, −0.10, −0.09, −0.08, and −0.07, respectively.

Population is positively correlated with the attention of social
media users to the disaster (Fig. 8f) and is basically consistent with
the distribution pattern of the influencing factor coefficient of

Fig. 8 Maps of the coefficients of influencing factors after the landfall. a GE, b export value, c CPI, d proportion of nonreligious beliefs, e GDP loss rate,
f population.
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population before the typhoon’s landing. However, the influencing
factor coefficient changed. Iceland, Canada, Ireland, Portugal, and
the U.S. had the highest impact factor coefficients, i.e., 2.35, 1.95,
1.52, 1.11, and 1.09, respectively. Chile, Peru, Argentina, Uruguay,
and Brazil had the lowest impact factor coefficients, i.e., −0.99,
−0.94, −0.94, −0.93, and −0.84, respectively.

Changes in influencing factors before and after the typhoon’s
landing. We further compared and analyzed the changes in the
five influencing factors before and after the typhoon made
landfall. Figure 9 shows the influencing factor coefficient differ-
ences (left panel) and their change directions (right panel) before
and after the typhoon’s landing in corresponding countries or
regions. The letters P and N indicate positive or negative coeffi-
cients, respectively. It is found that the influencing factor coeffi-
cients of the export value, the CPI, the proportion of nonreligious
beliefs, the GDP loss rate and population increased and decreased
significantly. By comparing the changes in the effect direction of
the influencing factors before and after the typhoon, this study
finds that the effect direction of export value, the GDP loss rate
and population basically did not change before and after the
typhoon landing, and the effect direction of the CPI and pro-
portion of nonreligious beliefs changed in some countries.

The countries with enhanced effects of export value before and
after the typhoon’s landing are mainly distributed in Europe,
South America, and East and Southern Africa (Fig. 9a, b). Among
these countries, Argentina, Uruguay, Panama, and Costa Rica
have significantly enhanced effects, with difference values of
export value being 1.14, 1.14, 1.03, and 1.02, respectively.
Countries with a weakened effect of export value were mainly
distributed in northern South Asia, North America, Central
America, Southeast Asia, and Oceania, among which the United
States, Cuba, Guatemala, and El Salvador had significantly
weakened effects, and the differences in the change in export
value were −0.47, −0.16, −0.11, and −0.11, respectively. Figure
9b shows that the effect directions of export value before and after
the typhoon’s landing both have a negative effect on social media
users’ attention to the disaster in Iceland, and both have positive
effects on social media users in other countries.

The countries with enhanced effects of the CPI before and after
the typhoon’s landing are mainly distributed in North America
and South America (Fig. 9c, d). The United States, Guatemala, El
Salvador, and Cuba have significantly enhanced effects, with
difference values of the CPI being 0.21, 0.19, 0.19, and 0.18,
respectively. Countries with weakened effects of the CPI are
mainly distributed in the Eastern Hemisphere, among which
Norway, Sweden, the Netherlands, and Denmark have signifi-
cantly weakened effects, and the differences in the change in the
CPI are −0.10, −0.10, −0.09, and −0.09, respectively. The
countries where the effect direction of the CPI changed from
positive to negative are mainly distributed in Southern Africa
before and after the typhoon’s landing (Fig. 9d). The countries
where the effect direction of the CPI changed from negative to
positive were mainly distributed in southern North America and
northern South America. The countries for which the CPI
maintained the same direction are distributed in Europe,
Southeast Asia, Oceania, and Africa.

Figure 9e, f shows that the countries with enhanced effects of
the proportion of nonreligious beliefs before and after the
typhoon’s landing are mainly distributed in North America,
South America, and Africa. The U.S., Iceland, Senegal and Omen
have significantly enhanced effects, and the difference values of
the proportion of nonreligious beliefs are 0.02, 0.01, 0.01, and
0.003, respectively. Countries with a weakened effect of the
proportion of nonreligious beliefs are mainly distributed around

the world, among which Jamaica, Mexico, Costa Rica, and
Panama have a significantly weakened effect, and the difference in
the change in the proportion of nonreligious beliefs are −0.20,
−0.20, −0.19, and −0.18, respectively. Figure 9f shows that the
countries where the effect direction of the proportion of
nonreligious beliefs changed from positive to negative are mainly
distributed in Oceania and Southeast Asia before and after the
typhoon’s landing. The countries in which the proportion of
nonreligious beliefs maintained the same direction are distributed
in North and South America, Europe, South Asia and Africa.

Figure 9g, h shows that the countries with enhanced effects
of the GDP loss rate before and after the typhoon’s landing are
mainly distributed in North and Central America, West
Europe, and Northern and Southern Africa. Iceland, Ireland,
Canada, and Switzerland have significantly enhanced effects,
with difference values of the GDP loss rate being 1.32, 0.31,
0.26, and 0.19, respectively. The GDP loss rate has a weak
influence on the countries distributed in Southeast Asia,
Europe, Northwestern Africa, and Oceania, such as Lithuania,
Ukraine, Austria and Slovenia, with changes of −0.37, −0.37,
−0.34, and −0.32, respectively. Meanwhile, the effect direction
of the GDP loss rate does not change in most countries before
and after the typhoon’s landing (Fig. 9h), whereas countries in
Northern Europe and Eastern Europe changed from positive to
negative.

Figure 9i, j shows that the countries with enhanced effects of
population before and after the typhoons’ landing are mainly
distributed in North and South America, South Asia, and
Central Africa. Canada, the United States, Ireland, and Cuba
have significantly enhanced effects, with change values of 1.72,
1.54, 1.05, and 0.50, respectively. Countries with weakened
effects of population are mainly distributed in Southeast Asia,
Oceania, Europe, and Southern and East Africa. Argentina,
Uruguay, Iceland, and France have significantly weakened
effects with changes of −1.18, −1.17, −0.91, and −0.83,
respectively. The effect direction of population remains
consistent in most countries before and after the typhoon’s
landing (Fig. 9j). However, several countries in Central
America, Argentina, and New Zealand changed from positive
to negative.

Discussion
Western countries are the main foreign group of online social
responses to the natural disaster. Western countries are the
major foreign group with active online social responses to natural
disasters. Similar to recent research on the global public interest
in earthquakes, which found that Western countries are domi-
nant (Kam et al., 2021), we found that Western countries have
stronger online social responses to natural disasters. This result is
explained by the strong economic conditions and high trade
connections between Western countries and the Philippines.
Moreover, our research reveals that countries neighboring the
Philippines are a major group. This difference is rooted in the
geophysical divergence of typhoons and earthquakes since
neighboring countries are more likely to be impacted by typhoons
than earthquakes.

Distance has little influence on the online social responses.
Geographical distance has a limited influence on online social
responses. Previous research found that the distance between the
country where news media are located and the country where the
disasters occur impacts the likelihood that a disaster will be
covered by the media (Berlemann and Thomas, 2019). Whereas
we found no global significant impact of geographical distance
between countries and the country where the disaster occurred.
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Fig. 9 Coefficients difference and direction change of influencing factors before and after the landfall. The left panel indicates the change values of
influencing factors’ coefficients. The right panel shows the coefficients changes’ direction of corresponding influencing factors. P represents positive
coefficients. N represents negative coefficients. a, b Export value, c, d CPI, e, f proportion of nonreligious beliefs, g, h GDP loss rate, i, j population.
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On one hand, the neighboring countries have more responses
than African countries, but they are comparable to Western
countries. On the other hand, the timing of online social response
is consistent with the evolution of Typhoon Haiyan. This non-
significant spatial disparity and temporal consistency reflect that
online social networks have almost eliminated the spatiotemporal
barriers of social responses to a disaster.

Economy is the main driver of online social responses. Overall,
economic factors have more significant influence on the drivers of
online social responses than other factors except the population.
As shown by the Geodetector results, economic factors have the
strongest explanatory power in regard to the number of tweets
posted before the typhoon’s landing, while natural, demographic
and cultural factors were weaker, and social factors were the
weakest. Political factors were not significant. Economic factors
had the strongest explanatory power in regard to the number of
tweets posted after the typhoon’s landing, while natural, demo-
graphic, cultural and social factors were weaker, and political
factors were the weakest. Based on the GWR model before
landing, export value is basically positively correlated with the
intensity of online social responses, and the factor coefficients are
generally high in the west and low in the east.

The coefficient of the CPI has significant spatial heterogeneity,
with positive effects in North Africa, Oceania and Europe and
negative effects in North and South America, Southern Africa and
Southeast Asia. The proportion of nonreligious beliefs has a
negative effect in North America, western South America,
Western Europe, West Africa and Oceania and has a positive
effect in eastern South America, Eastern Europe, Asia and
Southern Africa before landing. The GDP loss rate has a positive
effect on social media users’ attention to disasters, and 18.58% of
countries show a negative effect before landing but 31.86% after
landing, Population has a generally positive effect on disaster
attention among social media users in countries, with only
18.58% (before landing) and 17.70% (after landing) of countries
having a negative effect, mainly in North and South America.

Comparing the coefficient changes in influencing factors, it is
found that the influencing factor coefficients of export value, the
CPI, the proportion of nonreligious beliefs and the GDP loss rate
before and after Typhoon Haiyan’s landing have spatial
heterogeneity. By comparing the direction of the influencing
factors, we find that the direction of the influencing factor of
export value did not change before and after the typhoon’s
landing. There are four types of changes in the effect direction of
the CPI: from positive to negative, from negative to positive, and
no change. There are three types of change in the effect direction
of the proportion of nonreligious beliefs, that is, from positive to
negative, from negative to positive, and no change. The effect
direction of the GDP loss rate and population remains unchanged
in most countries.

Implications and limitation. Based on the above results and
analysis, this paper reveals that the online social response to a
natural disaster is beyond geographical limitation and has a global
impact. This online social response will be mainly influenced by
economic factors and active in Western countries. It indicates that
western active online social media users have the most willingness
and economic capacity for foreign aid. Hence, this information is of
great potential for governments and humanitarian agencies to
expand their pool of potential volunteers and donors.

There are limitations to this study. Due to the lack of relevant
data from sources, not all the countries are obtained in our
analysis. Hence it will lead to the uncertainty of GWR’s results,
whereas due to our limited knowledge, the selection of

influencing factors may still involve omitted variables, and only
the influence of the target layer and the first-level factors are
discussed. Besides, the religious rate data are collected from
Wikipedia, which may lead to the uncertainty of our analysis.
Whereas the GE is controversial regarding its definition and
algorithm, which will also introduce the analysis’ uncertainty. In
addition, we noticed that Hainan Province in China, also severely
affected by the typhoon, has caused a much weaker global online
social response compared to the Philippines. This is also a
question worth further exploration in the future.

Conclusion
This study takes Typhoon Haiyan in 2013 as a case study to
explore the global online social responses to a natural disaster and
to investigate their influencing factors. In conclusion, the global
online social responses to Typhoon Haiyan are beyond the geo-
graphical limit and consistent with the development of disaster.
Except for the Philippines, Western countries and surrounding
countries had higher responses than others. Economic factors
dominated the online social response. The influences of social,
cultural, and demographic factors were relatively weak. Political
factors had only a weak impact during the post-disaster stage.
Our findings demonstrate active online social groups in Western
countries are of great potential for governments and humani-
tarian agencies to call for foreign volunteers and donors. This
information will deepen our understanding of online social
behavior and help coordinate the humanitarian assistance of
various countries and provide a reference for the efficient and
orderly implementation of international rescue work after
disasters.

Data availability
The global dataset tweets on Typhoon Haiyan and other dataset
used in this study is available at: https://doi.org/10.6084/m9.
figshare.23617725. This dataset was proposed in xlsx and csv
format and can be processed using Microsoft Excel software and
GIS software.
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