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Abstract: We explore the baseline resilience to natural hazards through the Baseline Resilience
Indicators for Community (BRIC) in northeastern Taiwan. Based on the specific situation of our study
site, we slightly modified the BRIC. Due to the correlation between some of the subcomponents,
we apply principal component analysis (PCA) to solve this issue. Therefore, we slightly changed
the classification of subcomponents. We aggregated economic resilience, social resilience, and
community capital resilience into socioeconomic community resilience. The result of geographically
weighted regression (GWR) shows that even though we modified the indicator, the BRIC we built
is still valid. Through spatial autocorrelation analysis, it reveals that the urban region in plain
areas is the cluster of high resilience areas. On the other hand, almost all the entire mountain
areas are the cluster of low resilience areas. The topography is the most important factor to cause
this distribution. Plain areas have favorable characteristics to trigger development and create
high socioeconomic community resilience. Mountain areas, on the other hand, do not have these
advantages. The distribution of institutional and infrastructure subcomponents shows no particular
pattern. That is to say, institutional and infrastructure subcomponents do not influence the distribution
of BRIC. The difference in socioeconomic community resilience causes the uneven distribution of
baseline resilience to natural hazards. Nevertheless, the distribution of institutional and infrastructure
resources is also a crucial issue. In our case, although the distribution of institutional and infrastructure
follows the “distributive justice” approach and distribution randomly, whether it is an appropriate
approach is still under debate.
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1. Introduction

Since the late 20th century, owing to climate change, the intensity and frequency of extreme
weather events have dramatically escalated. Under this circumstance, natural hazards brought by
extreme weather events are already causing unprecedented amounts of damage to human life and
property, such as Hurricane Patricia and Winter Storm Juno. These extreme events suggest that
traditional mitigation strategies are no longer adaptable as the damage caused by natural hazards
escalates. The concept of resilience now begins to thrive in the field of disaster management [1]. Since
knowing the odds of preventing natural hazards caused by extreme weather events is impossible,
plenty of international organizations such as the Intergovernmental Panel on Climate Change (IPCC) [2]
and the United Nations Development Programme (UNDP) [3] have begun to focus on the resilience to
natural hazards. Resilience to natural hazards has become widely used in the field of natural hazards
management. Nevertheless, the spatial pattern and spatial difference of baseline resilience to natural
hazards are missing. Undoubtedly, baseline resilience to natural hazards is related to socioeconomic
and environmental conditions. Different socioeconomic and environmental conditions will certainly
create patterns and differences spatially. Consequently, if we do not take into account the spatial
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pattern and difference created by the socioeconomic and environmental conditions, the study will only
scratch the surface. Thus, this research aims to explore the spatial pattern and spatial difference of
baseline resilience to natural hazards under different topography conditions and industrial structures.

Although resilience to natural hazards had been widely applied in the fields of natural hazards
management, the definitions and meanings are usually different based on different organizations,
agents, and scholars [1,4–7]. Therefore, a careful review of the previous research is required. The most
common difference is the relationship between resilience, vulnerability, and adaptive capacity [1].
Some of the scholars and organizations regard resilience to natural hazards as a part of vulnerability.
In contrast, others view it as a different factor, with no connection to vulnerability [5]. The relationships
between resilience and adaptive capacity are also commonly under debate. Some argue the adaptive
capacity is a partial feature of resilience; however, others argue that resilience is part of the characteristic
of adaptive capacity. Moreover, some of the articles address resilience to natural hazards as a long-term
cycle of before, during, and after the system encounters natural hazards [1,5,8]. At the same time,
another regards it as a short-term response to loss created by hazards at the phases of during- and
post-hazards [9].

Another common difference is whether resilience means the system “bounces-back” or
“bounces-forward.” Bounce-back focuses on the ability of a system to maintain the original function
after natural hazards [7,10–14]. The core concept is to maintain the same function after encountering
the natural hazards by absorbing and adapting the effect [15–18]. However, due to climate change,
the intensity and the frequency of natural hazards have increased significantly and the approach of
bounce-back is inadequate to face escalating natural hazards. If the system only maintains its original
function, it would not be able to withstand natural hazards in the future [19]. On the other hand,
bounce-forward, compared to bounce-back, means not only to recover from the disturbance caused
by natural hazards but also to enhance its ability [5,8,20]. Through the experience of facing natural
hazards, the system can learn and co-evolve with the disturbance [21–23]. When the system encounters
an environmental hazard, it will adapt to the disturbance and learn based on the experience [24–26].
Based on the concept of bounce-forward, resilience to natural hazards will create a positive trajectory.
This trajectory allows the system to enhance their ability to cope with escalating natural hazards caused
by climate change.

In order to measure the resilience to natural hazards, numerous indicators had been developed.
The investigating approaches of resilience to natural hazards are also variable. According to different
methods, spatial scales, and aims, the indicator can be separated into several groups [3,8]. For example,
the methods can be divided into “bottom-up” and “top-down.” Typically, the former approach will adapt
the qualitative methodology, while the latter one usually applies the quantitative methodology [3,27–32].
The bottom-up method focuses on the characteristics and the details of resilience on a local scale,
such as social networks [33], education [34], the knowledge of stakeholders [35], and the governance
project [36]. The scopes of the bottom-up method are limited. On the other hand, the top-down
approach addresses building quantifiable indices to enable the visualization and comparison of
resilience to natural hazards [37–40]. In order to compare with different periods, a quantifiable
baseline is extremely crucial [5,8,21]. Undoubtedly, the bottom-up method is capable of exploring the
characteristics of resilience to natural hazards and depicting the details of each study site. However,
when it comes to the situation of comparison and quantification, the bottom-up method is in an
extremely adverse condition. In contrast, the top-down approach might occasionally encounter the
difficulty of portraying the characteristics and features of resilience to natural hazards [41–44]. It can
still provide a robust foundation of quantification, comparison, and dissuasion [45–47]. Through the
indicators and models based on the top-down approach, we can not only compare differences across
the different areas but also spot the difference in different periods in the same area [3,8,21,37].

In this article, we define the resilience to natural hazards as a long-term bounce-forward cycle
that has the adaption for encountering natural hazards, learning from the experience after the strike of
natural hazards, and enhancing abilities to reshape the society to a better status. In order to compare
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resilience to natural hazards and to achieve the aim of this research, we use the Baseline Resilience
Indicators for Community (BRIC) to represent the baseline resilience to natural hazards. BRIC is
a quantifiable index and can measure the baseline resilience to natural hazards in the community
scale [40,41,47]. It is also a highly adaptable model and has been applied in several different regions,
such as Norway, Australia, and the United States [42,43,48]. The theoretical framework behind BRIC
is the Disaster Resilience of Place (DROP) [5]. The concept of the DROP framework is identical to
our definition of resilience to natural hazards, which regards resilience as a bounce-forward cycle.
The DROP framework focuses on the antecedent conditions and regards it as the critical element of
triggering the bounce-forward phase [21]. In order to explore the spatial pattern and difference of
baseline resilience, we apply the global and local spatial autocorrelation analysis. When we explore
the spatial pattern and difference, it is crucial to analyze the distributive philosophy. The distributive
philosophy leads to the spatial pattern because the resource distribution plays a significant role in
baseline resilience [1]. Undoubtedly, distributive philosophy is still under discussion, and it will lead
us to the debate of “distributive justice” or “procedural justice”. Since the situation in our study areas is
different from the original setting, we will slightly modify the original model. Consequently, it is vital
to make sure the result is unbiased and be able to reflect the ground truth of the resilience level of local
communities. We use the geographically weighted regression (GWR) to validate the result of BRIC.

2. Materials and Methods

2.1. Study Site

In this research, we select Yilan County as our study site (Figure 1). Yilan County provides us an
ideal study site owing to its’ unique location, topography, and industrial structures. Our study site
lies adjacent to the capital of Taiwan, Taipei, and has 12 townships with 233 communities. It is also
one of the most accessible areas through the freeway to connect with Taipei Metropolitan. Base on
the topography, our study areas can be separated into mountain areas and plain areas. The altitude
of mountain areas in our study site can rise up to 3589 m with an extremely steep slope. The mean
elevation of our study site is 830 m. The plain areas in the study site are the largest in eastern Taiwan.
Most of the traffic nodes also cluster in plain areas. Furthermore, the industrial structure of Yilan
County can also be divided into two areas based on topography. The southwestern mountain areas are
mostly primary industrial sectors, with alpine agriculture. The northeastern plain areas, on the other
hand, can be separated into urban regions such as Yilan City and Luodong Township and rural regions.
The industrial structures in urban regions are secondary and tertiary industrial sectors. As for the rural
regions, most of them are primary industrial sectors. Since our study site is also adjacent to the Pacific
Ocean, it has to face the typhoons and tropical cyclones that come from the west of the Pacific Ocean.
Without a doubt, Yilan County is vulnerable to natural hazards. According to the record of the Central
Weather Bureau, the number of typhoons striking Taiwan annually is 5.6 since the year 2000, and over
35% of the typhoons directly impact our study area [48]. Based on Figure 1, the location of plain and
mountain areas leaves Yilan County wide-open to typhoons and tropical cyclones. Owing to climate
change, the intensity and amount of precipitation brought by the typhoons have dramatically increased
and created a great number of flood events that have caused more significant damage. Moreover, the
slope of mountain areas in the study site is exceptionally steep. Therefore, recently, debris flows, one
of the most devastating natural hazards, have become more common.
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Figure 1. The study site, Yilan County, is located in northeastern Taiwan. Yilan City and Luodong
Township are the major urban areas in our study site. Owing to the location of Yilan County, over 30%
of the typhoons striking Taiwan will have a direct impact on our study site.

2.2. Resilience Indicator

According to DROP, an immediate effect will be created when the antecedent conditions
interact with natural hazard events. The antecedent conditions of the communities represent
the capacity of absorbing, mitigating, and coping with natural hazards. Sufficient antecedent
conditions will significantly attenuate the impact and lead the communities to high recovery.
In contrast, under the circumstance of insufficient antecedent conditions, the absorptive capacity will
be exceeded and this will lead the community into a disaster. No matter what situation occurs, the
community may augment resilience through learning. BRIC is the derivation of this concept. Initially,
BRIC includes six subcomponents of resilience, which are social, economic, community capital,
institutional, infrastructural, and environmental resilience. Each of them comprises multiple variables.
Owing to the situation in our study area, we modified the variables used in the original article.
For example, the institutional components in some articles take the “disaster aid experience”, “local
disaster training”,”nuclear plant accident planning”, and “hazard mitigation plans” as the variables.
Nevertheless, due to the Disaster Prevention and Protection Act in Taiwan, no matter which level of
the administrative units, this Act has already been widely adopted and applied since the year 2000.
Moreover, the variables such as “households with telephone service available” and “population under
age 65 with health insurance” are also not suitable in our study site. According to the Directorate
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General of Budget, Accounting, and Statistics [49], the average penetration rate of mobile phones and
local telephone since the year 2000 are 89.03% and 95.48%, respectively. Subsequently, based on the
National Health Insurance Administration, the health insurance coverage ratio in Taiwan is 99.6% and
99.7% in our study area. Therefore, based on the circumstances of our study site, we decided to modify
several variables that had been applied in some previous research.

After carefully reviewing previous studies [5,8,21,41–44,50–52] and taking the circumstances of
our study site, we selected 12 variables based on our situation to construct the index to measure the
baseline resilience to natural hazards (Table 1). These variables were selected based on the feature of
the subcomponent of BRIC. Each of the subcomponents stands for a specific aspect of capacity and
antecedent conditions [19,20,36,37]. Economic resilience measures the capacity of the local financial
ability. According to [21], wealthy communities relatively possess robust economic and financial
resources, which create a higher capacity for absorbing and recovering. Annual Income is one of the
most direct variables for the wealthy. Consequently, in this study, Annual Income stands for economic
resilience. Subsequently, social resilience represents the demographic feature, which is strongly related
to the social capacity within the communities [5]. It suggests that communities with a higher level of
education and fewer elderly are likely to have greater resilience [21]. Education level is highly related
to learning ability, which is essential in the long run for resilience to natural hazards. The communities
with fewer elderly indicate less chance of illness and disabled residents. As a result, we adopt the
Population with a College Diploma and Population between 20 to 50 Years Old as the variables.
Another similar variable, community resilience, represents the social bonding and relationships
between the individuals and their neighborhoods. Social–Civic Groups are highly connected to the
place attachment, citizen participation, and religious congregations, which are exceptionally crucial for
self-helping when encountering the natural hazards [53,54]. Another research shows that communities
with higher political engagement and voters will have better recovery in the economy and population
density after the natural hazards [53,55]. Therefore, we take the Presidential Election Vote Rate and
Number of Social–Civic Groups as the variables of this subcomponent. Subsequently, for infrastructure
resilience, research suggests that this catalog includes the physical system and hardware for emergency
responding to natural hazards such as lifelines and critical infrastructure [5]. Thus, we select the
Capacity of Emergency Shelters, Number of Clinics, Number of Licensed Medical Personnel, Number
of Hospital Beds, and Number of Pharmacies to represent infrastructural resilience. On the other hand,
institutional resilience is highly related to risk mitigation and planning. According to [43], institutional
resilience represents the resilience of the policies and programs. When we encounter natural hazards,
the Disaster Prevention and Protection Act in Taiwan has regulated a comprehensive plan of emergency
response measures for the emergency service station. The emergency service station can be regarded
as the executive unit of the Disaster Prevention and Protection Act. Besides, most of the emergency
service stations are also equipped with ambulances. Consequently, we select the Number of Emergency
Services Stations, and Number of Ambulances as the variables since both of them are highly related to
the Disaster Prevention and Protection Act. As for the environmental subcomponent, Figure 2 will
demonstrate the most common natural hazards which regularly occurred in our study site annually.
Since the entire study site is located in the trajectory of typhoons, Yilan County has been covered by
the potential of flood and debris flow. One of the previous studies also excluded the environmental
subcomponent due to the characteristics of the data they obtained [19]. Thus, we also eliminated the
environmental subcomponent.

Some of the variables within the different subcomponents are correlated, such as the Annual
Income, the Population with a College Diploma, and the Population between 20 to 50 Years Old.
As a result, in order to reduce the redundancy, we applied principal component analysis (PCA). This
approach can reduce redundancy. In this research, the subcomponents are slightly different from
the original BRIC since some variables might not have been classified into the initial subcomponent.
Moreover, we found that standardization can also be used to alter the variables [42]. After the
standardization, the value will be changed into the distance from the mean value. The unit will
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also alter the standard deviation (SD). Since the unit of standardization is the standard deviation, it
provides us a more intuitive way to examine the extreme value. This approach can offer a foundation
for comparison. Finally, we classified the value into very high (>1.5 SD), high (1.5 to 0.5 SD), medium
(0.5 to −0.5 SD), low (−0.5 to −1.5 SD), and very low (<−1.5 SD).

Table 1. Variables and descriptive statistics.

Variables Mean SD Moran’s I p-Value

Annual Income 273,953.751 220,415.705 0.365 <0.05
Population With a College Diploma 613.600 487.833 0.556 <0.05

Population Between 20 to 50 Years Old 911.540 588.782 0.277 <0.05
Presidential Election Vote Rate 0.636 0.041 0.388 <0.05
Number of Social-Civic Groups 0.965 1.258 0.124 <0.05
Capacity of Emergency Shelters 167.626 252.061 0.063 0.10

Number of Clinics 1.231 2.812 0.407 <0.05
Number of Licensed Medical Personnel 10.596 74.772 0.017 0.41

Number of Hospital Beds 11.884 73.422 −0.013 0.81
Number of Pharmacies 0.536 1.106 0.283 <0.05

Number of Emergency Services Stations 0.086 0.310 −0.068 0.12
Number of Ambulances 0.124 0.379 −0.018 0.69

Note: SD, the standard deviation.

Figure 2. The distribution of flood (a) and debris flow (b).

2.3. Spatial Pattern Analysis

In order to investigate the spatial distribution pattern, we used a spatial autocorrelation analysis.
Spatial autocorrelation analysis can identify the distribution pattern. This analysis has two different
types, which allows it to explore the pattern on global and local scales. Moran’s I is the global scale of
spatial autocorrelation analysis and can differentiate the distribution pattern, whether it is a cluster
(>0), disperse (<0), or random (�0).
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Local Indicators of Spatial Association (LISA), on the other hand, focus on the local scale’s
distribution pattern. LISA will calculate the Moran’s I value of each spatial unit and compare it with
the adjacent unit. If a unit with high Moran’s I surrounds other high-value units, the result is the H-H
cluster. If a unit with low Moran’s I surrounds other low-value units, the result is the L-L cluster. H-L
and L-H outliers mean a unit surround by other units with the opposite attribution. The following
equation demonstrates the calculation of Moran’s I and LISA [56–58].

Moran′s I =
N∑N

i=1
∑N

j=1 Wi j
×

∑N
i=1

∑N
j=1 Wi j(Xi −X)

(
X j −X

)
∑N

i=1

(
Xi −X

)2 (1)

LISA =

(
Xi −X

)
∑N

i=1

(
Xi −X

)2

∑N

j=1
Wi j

(
X j −X

)
(2)

N in the equation means the number of the spatial units, while the Wij stands for the spatially
weighted matrix. Xi and Xj are the spatial variables, and X is the mean of the spatial variables.

2.4. Geographically Weighted Regression (GWR)

Since we had modified the BRIC, it was crucial to evaluate whether the indicator we had built
is capable of reflecting the ground truth. Consequently, we applied spatial multivariate regression
to inspect the result. The regular multivariate linear regression, such as ordinary least squares, will
regard the entire study site as a single unit and neglect the spatial difference within the study site.
The spatial difference will create spatial non-stationary, which will jeopardize the result. Compared to
the most common ordinary least squares, the GWR takes account of spatial difference. We separated
the whole study site into several areas through building several different sizes of kernels. Afterward,
GWR will create the regression based on the situation of each kernel. This approach can solve the
spatial non-stationary, which is created by the spatial difference within the study site. We used the
number of authentic occurrence flood and debris flow events as the dependent variable. Before we
conduct the GWR, we also standardized the number of flood and debris flow events. The equations
and the dependent variable of GWR are demonstrated below [59].

GWR : yi(u) = β̂0i(u) + β̂1i(u)X1i + β̂2i(u)X2i + β̂3i(u)X3i + . . .+ β̂mi(u)Xmi (3)

yi(u) is the observed values of the dependent variables in each spatial unit. β̂0i is the constant
term of the GWR. β̂mi is the coefficients of the model. Xmi is a matrix containing the values of the
independent variables.

3. Results

3.1. Global Spatial Autocorrelation Analysis

According to the results of global spatial autocorrelation analysis, most of the variables show a
significant cluster (Table 1). The variables with the significant cluster mostly congregate in plain areas,
such as “Annual Income”, “Population with a College Diploma”, “Population between 20 to 50 Years
Old”, “Number of Clinics”, “Number of Pharmacies”, “Presidential Election Vote Rate”, and “Number
of Social-Civic Groups”. On the other hand, the variables which do not have a particular distribution
pattern are mostly the variables of the institutional and infrastructure subcomponents. These variables
include the “Capacity of Emergency Shelters”, “Number of Licensed Medical Personnel”, “Number of
Hospital Beds”, “Number of Emergency Services Stations”, and “Number of Ambulances”. Owing to
the geographic characteristics, typhoons and tropical cyclones continuously pose an annual threat to
our study site. In order to minimize the potential damage, each of the communities in our study site
has at least an emergency shelter. Therefore, the “Capacity of Emergency Shelters” does not have a
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specific pattern. The “Number of Licensed Medical Personnel” and “Number of Hospital Beds” are
also random.

3.2. Principal Component Analysis

We applied PCA to categorize these 12 variables into a smaller set of factors. We also conducted
several statistical analysis approaches to evaluate whether the variables we used were suitable for
PCA. The Cronbach’s alpha measures the internal consistency. In other words, it means how close a
variable is to other variables as a group. Generally, the acceptable threshold value of Cronbach’s alpha
is 0.7. Subsequently, we also conducted the Kaiser–Meyer–Olkin (KMO) test to evaluate the quality of
the correlations between variables. The acceptable threshold value is 0.6. We also applied Bartlett’s
test of sphericity. This test examines whether the redundancy of all the variables can be represented
with a few numbers of factors. If the p-value of Bartlett’s test of sphericity can reach a statistical
significance level, it means the data set is suitable for PCA. In our study, the value of Cronbach’s
alpha was 0.702. The KMO of PCA was 0.622. Also, Bartlett’s test of sphericity was highly significant
(p-value < 0.05). These four components explained 65.7% of the total variables. Generally speaking,
the result shows that our data set was acceptable for conducting PCA. Subsequently, according to
Figure 3, the eigenvalues of the first four components are larger than 1. Moreover, the curve in Figure 3
shows a significant elbow start, which suggests that the PCA generates four principal components.

Figure 3. The scree plot and eigenvalues of PCA. Based on the eigenvalues and scree plot, principal
component analysis (PCA) generated four principal components.

The first component includes Annual Income, Presidential Election Vote Rate, Number of
Social-Civic Groups, Population with a College Diploma, and Population between 20 to 50 Years
Old. The second component comprises the Capacity of Emergency Shelters, Number of Clinics,
Number of Pharmacies. The third principal component includes the Number of Licensed Medical
Personnel and Number of Hospital Beds. The last component includes the Number of Ambulances
and Number of Emergency Services Stations. The first component (socioeconomic community)
includes the social, community, and economic aspects of resilience. It explained 18.5% of all variables.
The second component (fundamental medical) includes the part of the institutional and infrastructure
resilience, which explained 19.7% of all variables. The third component (institutional) represents
institutional resilience and explained 16.1% of all variables. The last component (infrastructure) stands
for infrastructure resilience and explained 13.2% of all variables.
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3.3. The Spatial Pattern of Components

According to the spatial autocorrelation analysis for different components (Figure 4), we found the
economic, community, and social resilience are highly correlated and cluster in plain areas, especially
in urban areas such as Yilan City and Luodong Town. The reasons causing the uneven distribution are
topography characteristics, accessibility, and the level of development. Compared to mountain areas,
plain areas have a more significant advantage. After the completion of the freeway, the connection
between our study site and Taipei stimulates economic development in plain areas. The fast growth of
economics accompanies an advanced social and community status, such as a more robust social bond,
political engagement, and higher education levels. Therefore, plain areas have higher socioeconomic
community resilience. Furthermore, because of the better socioeconomic community conditions in
plain areas, the demands for fundamental medical services also increase. Thus, fundamental medical
services also cluster in plain areas. On the other hand, owing to the characteristics of the institution
and infrastructure aspects, the distribution may not have a specific pattern. Most of the institutions
and infrastructure are supposed to cover the entire area and serve all citizens. Therefore, it does not
have a specific spatial pattern (justness of distribution).

Figure 4. Spatial pattern of principal component in community-scale: (a) socioeconomic community;
(b) fundamental medical; (c) institutional; (d) infrastructure.
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3.4. BRIC

Finally, we aggregated all principal components into BRIC. In order to compare with the community
within the study site, we also standardized the value we calculated. This approach allowed us to
compare the BRIC value in each community with the mean value. Figure 5a shows the baseline
resilience to natural hazards. Most of the plain areas are higher or equal to the average of baseline
resilience, except parts of coastal areas, which are lower than the average. The number of communities
with high or very high BRIC values is 52 (22%). Mountain areas, on the other hand, have significantly
lower baseline resilience. The number of communities with low or very low BRIC values is 85 (36%).
The reason causing the extremely uneven distribution is dominated by socioeconomic community
resilience since the majority of communities in plain areas have higher socioeconomic community
resilience. Besides, mountain areas do not have a suitable condition to develop. The topography
characteristic increases the difficulty of development. As a result, the economy was not stimulated by
the completion of the freeway. According to the result of the local spatial autocorrelation analysis in
Figure 5b, all the H-H clusters are in plain areas, especially the urban region. On the other hand, in the
mountain areas, most of the communities are L-L clusters. The key driver of the uneven distribution is
socioeconomic community resilience.

Figure 5. The distribution and cluster map of BRIC in the community; (a) the spatial distribution and
result of global spatial autocorrelation analysis; (b) the result of LISA and cluster map.

In order to testify the effectiveness of the modified BRIC, we applied the GWR. Figure 6 shows the
standardized prediction value. The spatial distribution of standardized prediction value fits with the
dependent variable’s spatial distribution. Based on the similarity of the spatial distribution, the BRIC
we built seems acceptable. In Table 2, we examine the model’s explanatory ability through the R2 and
adjusted R2. The R2 of BRIC was 0.508, which means the explanatory ability is adequate. After taking
account of the degree of freedom, the adjusted R2 was 0.316. Although the R2 and adjusted R2 can
examine the explanatory ability, it cannot distinguish whether the indicator is biased or not. Thus,
it is crucial to examine the spatial pattern of the standardized residual. If the standardized residual
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shows cluster spatially, it means that the indicator is biased. If the standardized residual is randomly
distributed, it means that the indicator is unbiased. As a result, we applied spatial autocorrelation
analysis to evaluate the spatial pattern of the standardized residual. The Moran’s I and p-value of the
standardized residual were 0.087 and 0.031. The result of the spatial autocorrelation analysis shows
that the spatial pattern is random. In other words, the BRIC we built is able to reflect the ground truth.

Figure 6. The standardized value of prediction.

Table 2. Summary and descriptive statistics of geographically weighted regression (GWR).

Neighbors R2 Adjusted R2 AICc StdResid Moran’s I p-Value

45 0.508 0.316 626.696 0.087 0.031

Note: R2, Coefficient of determination; AICc, Akaike information criterion.

4. Discussion

Based on previous studies, we built the BRIC and modified it. In order to validate the effectiveness
of the BRIC we built, we applied GWR to examine the indicator. The result of GWR shows the BRIC
is unbiased and has an acceptable explanatory ability. In our study site, plain areas have relatively
higher resilience than the rural areas, especially the urban region. In our case, the accessibility and
topography characteristics both play an essential role in affecting the distribution of baseline resilience
to natural hazards. The reason causing the urban region in plain areas to have better baseline resilience
to natural hazards is owed to the better development of socioeconomic community resilience. Precisely,
the accessibility and topography characteristics allow the development of economics and enable the
plain areas to have high social, community, and economic resilience. The plain areas, compared to the
mountain areas, are relatively close to the freeways, railroads, and harbor. Moreover, our study site
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lies along Taipei City, one of the largest and most prosperous cities in Taiwan. The highly accessible
plain areas in Yilan County can easily attract the people who live in Taipei City. Recently, due to
the completion of the high-speed railroad, more and more tourists from southwestern Taiwan have
visited Yilan Country. The majority of these tourists spend most of their time and money in the tourist
attractions in the plain areas, which also stimulated the development of a socioeconomic community
in plain areas. Compared to the mountain areas, the topography also allows the people who live in
plain areas to have an easier condition to develop. As for the mountain areas, the situation is different.
Although the mountain areas have some of the major traffic routes, owing to the steep slope and
narrow width, the traffic volume is far less than the traffic routes in plain areas. Moreover, major
public transportation, the railroad, only passes through the plain areas. In other words, it will create
obstacles if people want to develop mountain areas. Moreover, because of the steep slope and the
intense precipitation during summer, the majority of the mountain areas are covered by the potential
of debris flow. Even though there was no potential of debris flow, compared to the plain areas, the
steep slope is another pullback for development. Thus, accessibility and topography characteristics
strongly affect the distribution of baseline resilience to natural hazards.

Similar research has also done in the US. Nevertheless, the result is hugely different from our
results. One of the most conclusive and interesting situations we found in this research is that
urban regions such as Yilan City and Luodong Town urban areas dominate the resilience to natural
hazards. This result is different from the previous research in the US [42,43]. Compared to our
results, the metropolitan states in the US, such as the New England area, dominate economic resilience;
nevertheless, the levels of community, institutional, and infrastructure resilience are relatively low.
As a result, the metropolitan states do not have high resilience. A similar situation also occurs in
California, where the majority levels of resilience are only medium to low resilience. On the other
hand, the states such as Nebraska, Minnesota, Wisconsin, Iowa, and Dakotas did not have extremely
high economic resilience like the metropolitan states. Nevertheless, the social, community, institution,
and infrastructure resilience of these five states are higher than most of the metropolitan states. Despite
the difference we mentioned, there is a similar situation that occurs in our research and the previous
research in the US. Topography plays an essential role in affecting the resilience to natural hazards.
In the US, the states located in intermountain western US and the Rocky mountain show a medium
to very low resilience to natural hazards [42,43]. Our research also has similar results. Therefore, it
is clear that the topography is an influential factor for affecting the resilience to natural hazards, no
matter under which kind of spatial scale.

The institutional and infrastructure seems to be no influence in our study since it was randomly
distributed. However, institutional and infrastructure resilience represent the capacity during the
emergency response and recovery phase, which is also an important factor. The distribution of
resources leads us to another issue. According to [1], the distribution is central to disaster management.
“Distributive justice” refers to the justness of distribution, while “procedural justice” refers to the
justness of the decision-making process. In our study site, the majority distribution of institutional
and infrastructure resilience follows the concept of “distributive justice.” This approach promotes
and focuses on the equal distribution of resources. This strategy can assure all citizens have an equal
probability of obtaining the same assistance when encountering natural hazards. However, to some
extent, this way also dilutes the resources. This system might encounter a fatal outcome if facing
an extreme natural hazard, which creates damage that is more serious than the threshold of what
each institution and infrastructure can take. On the other hand, if the distribution follows the rule of
“procedural justice,” the resource will cluster in certain important areas, such as urban areas, and allow
these areas to have a better chance to mitigate and adapt to the impact brought by natural hazards.
Nevertheless, another article [60] argues that currently, the majority of resources are concentrated in
urban areas. In this situation, some of the resources become overlapped and redundant, yet, the rural
and indigenous areas have fewer emergency infrastructures and resources. Generally speaking, in
this way, those areas with less or no resources will expose to a greater risk of natural hazards since



Water 2020, 12, 1401 13 of 16

the resources are distributed unevenly. In summation, different distribution patterns have different
advantages and disadvantages. In our study site, owing to the equal distribution of institutional
and infrastructure resilience, it is essential to have a regular assessment of the capabilities to set the
acceptable thresholds [61–64]. In other words, a periodical assessment of baseline resilience to natural
hazards is required. Our study provides an intuitive method to evaluate the baseline resilience to
natural hazards, which also can be conducted periodically.

5. Conclusions

Resilience to natural hazards is an essential factor for humans to face escalating natural hazards in
the future. The antecedent conditions, which are also known as baseline resilience to natural hazards
of the system, are the key to investigating resilience to natural hazards. Owing to our special setting,
we modified the BRIC. Nevertheless, BRIC is a highly adaptable indicator. Based on the result of GWR,
the BRIC we built is valid. The spatial distribution shows that a part of our results is similar to previous
studies. Most of the urban areas are the H-H cluster of BRIC, while most of the rural regions in the
mountain areas are the L-L cluster of BRIC. This study found a different spatial pattern of resilience
to natural hazards. In our case, the urban regions are far more resilient than the rural region, which
is different from the previous research in the US. Moreover, we also found that the topography is a
crucial factor. In our case and the previous research in the US, both show the mountain areas are low
resilience areas. The topography has a significant and comprehensive influence on socioeconomic and
community development, which affects the spatial pattern of resilience. Besides these findings, the
spatial distribution pattern of institutional and infrastructural resilience also leads us to another critical
discussion of resource distribution. In order to provide equal cover, the institutional and infrastructural
resource usually follows “distributive justice”. This situation worsens the baseline resilience to natural
hazards in mountain areas. Moreover, although “distributive justice” allows all communities to have
equal opportunity to access the infrastructure and institutional resources, it might not be an efficient
approach when encountering natural hazards. The “distributive justice” will dilute the resources.

The baseline resilience to natural hazards undoubtedly is highly connected to socioeconomic
community development and resource distribution. However, both of these factors are highly related
to topography. The effect of topography to baseline resilience to natural hazards is unneglectable.
Furthermore, for future works, we will focus on the distribution approach. It is necessary to study
whether we should follow “distributive justice” or “procedural justice”.
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