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Abstract: Sabah is prone to seismic activities due to its location, being geographically located near
the boundaries of three major active tectonic plates; the Eurasian, India-Australia, and PhilippinePacific plates. The 6.0 Mw earthquake that occurred in Ranau, Sabah, on 15 June 2015 which caused
18 casualties, all of them climbers of Mount Kinabalu, raised many issues, primarily the requirements
for seismic vulnerability assessment for this region. This study employed frequency ratio (FR)–index
of entropy (IoE) and a combination of (FR-IoE) with an analytical hierarchy process (AHP) to map
seismic vulnerability for Ranau, Sabah. The results showed that the success rate and prediction rate
for the areas under the relative operating characteristic (ROC) curves were 0.853; 0.856 for the FR-IoE
model and 0.863; 0.906 for (FR-IoE) AHP, respectively, with the highest performance achieved using
the (FR-IoE) AHP model. The vulnerability maps produced were classified into five classes; very low,
low, moderate, high, and very high seismic vulnerability. Seismic activities density ratio analysis
performed on the final seismic vulnerability maps showed that high seismic activity density ratios
were observed for high vulnerability zones with the values of 9.119 and 8.687 for FR-IoE and (FR-IoE)
AHP models, respectively.
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1. Introduction

Published: 23 April 2021

The past seismo-tectonic studies of South-East Asia showed that Malaysia faces a
certain level of risk from magnitude >5.0 earthquakes originating from the surrounding
regions as well as from local seismic tremors [1]. Malaysia is considered as lying in a low
seismic region; although located less than 300 km from the tectonically active Pacific Ring
of Fire [2]. However, Malaysia is still exposed to earthquake risk as it is located near to
the most two seismically active plate boundaries, the inter-plate boundary between the
Indo-Australian and Eurasian Plates on the west and the inter-plate boundary between the
Eurasian and Philippines Sea Plates on the east [3].
Although being considered as seismically stable with no current history of major
seismic and volcanic activity, the East Malaysia region, particularly Sabah, is at risk of
moderate magnitude earthquakes due to the fact of its proximity to an active tectonic zone;
the Ring of Fire, with the earliest record earthquake in the country occurring in the state
in 1976 in Lahad Datu at 5.3 magnitude [4]. An earthquake occurred in Ranau, Sabah,
on 5 June 2015 at 6.0-moment magnitude scale (Mw ) and VII Modified Mercalli Intensity
(MMI) drawing huge attention from the government and relevant authorities on the study
of seismic activities in Sabah [4,5] particularly on seismic vulnerability, hazard and risk
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assessment [6,7]. The 6.0 Mw earthquake also progressively developed into prolonged
aftershocks in the form of ground shaking; poses a bigger threat to the community living
within the seismic activity zone and triggering geological hazards such as mud-floods.
Evidence data from the Minerals and Geoscience Department (JMG) reported that
Ranau has strong topographic relief and even moderate magnitude earthquakes would
generate large-scale mass movements of land; landslides and mud-floods [8]. These
issues created urgent needs for the general population especially for the people living
in the affected zone and required immediate solutions towards disaster recovery and
preparedness; prompting research-based outputs [4].
Based on past seismic activities in Sabah and its location near the active plate boundaries, a seismic risk assessment map of Sabah particularly for the Ranau district at different
probability levels is deemed required. A risk map requires combination analysis on the
seismic vulnerability and hazard of the area of interest. However, only seismic vulnerability
of the study area would be the highlight of this study using methodologies adopted from
landslide susceptibility analysis following studies from [9–13], just to name a few.
Vulnerability expresses the tendency of elements at risk to sustain a certain damage
level in a suitably defined damage scale [14]. Seismic vulnerability in this study was
expressed in terms of an index to analyze conditions controlled by physical and environmental factors, which increase the susceptibility of a community in the study area to the
impact of seismic hazards [15]. Several methods for the seismic vulnerability mapping have
been developed, proposed and adopted in recent years including Geographic Information
System (GIS)-based multicriteria decision analysis (MCDA) [16], simple additive weighting (SAW) [16], analytical hierarchy process (AHP) [17–19], analytical network process
(ANP) [17,20], logistic regression (LR) [17,21,22], support vector machine (SVM) [21], artificial neural network (ANN) [23], ANP-ANN [24], random forest (RF) along with decision
tree (DT) and frequency ratio (FR) by [25] and step-wise weight assessment ratio analysis (SWARA) [26]. Reference [17] also combined various models to produce four hybrid
models of; (1) fuzzy logic (fuzzy) with logistic regression (LR) (abbreviated as fuzzy-LR),
(2) fuzzy with analytical network process (ANP) and AHP (abbreviated as A-fuzzy), (3)
ANP and AHP with ordered weight averaging (OWA) (abbreviated as (A-OWA) and (4)
OWA-LR. The approaches and methodologies applied had been proven to be capable of
assessing seismic vulnerability in their respective areas of interest.
In this study, two models namely Index of Entropy (IoE) by incorporating the frequency ratio (FR) model and a combination of (FR-IoE)- AHP were used to produce seismic
vulnerability maps along with GIS technology. Two main indicators; environmental and
physical indicators consisting of nine conditional factors and thirty-seven classes were
applied. The performances of the final seismic vulnerability maps were accessed based on
the area under the curve (AUC) values of the receiver operating characteristics (ROC) curve.
In addition, the percentage distribution of past seismic activities and the area covered by
each of the five vulnerability classes; very low, low, moderate, high, and very high were
validated through past seismic activities’ density analysis to compare the consistency and
correlation between the two models.
There are two noteworthy aspects in this study. One, is that although the combination
of FR-IoE model had been extensively used for other natural hazards-related research such
as [27–29], the combination of the FR-IoE model was either rarely or never applied for
seismic vulnerability assessment particularly in the study area. Thus, this study intended
to investigate whether the same method could be applied to a seismic vulnerability study.
The main design was that past seismic activities’ epicenters were used in modeling the
seismic vulnerability map which was similar to the ways landslide inventory data are
used for landslide susceptibility mapping and flood inventory data are used for flood
susceptibility or prone areas mapping. The second significant aspect of this study is the
experimentation of the hybrid (FR-IoE) AHP model in a disaster-related study. This study
tried to improve the ‘vague’ decision-making process of assigning weightage in AHP by
implementing FR-IoE result in the AHP methodological structure. Interestingly, this study
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2.2. Conditional Factors
The first step to producing the seismic vulnerability assessment map is the identification of the factors that are the main attributes that concern the environmental, social,
and economic settings of the region and the available infrastructure [10,34]. In this study, a
total of nine conditional factors or parameters with 37 classes from two main indicators
were considered. Examples of physical indicators are street pattern, building density,
building alignment, open space density, land cover and other built-environment related
factors [35,36] and examples of environmental factors include slope, geological features,
aspect, fault and other natural-related features [24]. According to [37], in GIS-based studies, the selected factors should be operational, complete, non-uniform, measurable, and
non-redundant. Most of the datasets used were extracted from the Department of Survey
and Mapping Malaysia (JUPEM) MY611T 1:25,000 scale topographic map through spatial
analysis which included distance from buildings, altitude, distance from rivers, distance
from streams, distance from roads, distance from tracks and slope angle. Distance from
faulty lines data were extracted from Department of Mineral and Geoscience Malaysia
(JMG) fault data. Lithology data were obtained from United States Geological Survey
(USGS) World Geologic Maps.
ArcGIS software was used to process the required conditional factors which include
generating the weightage for each factor in ArcMap Attribute Table and rasterization of the
parameters involved to compute vulnerability index map using ‘Raster Calculator’. Past
earthquake data were obtained from USGS: Earthquake Hazard Program website which
stored only major earthquake event data and from Malaysia Meteorological Department
(MetMalaysia). The total past earthquake data obtained from both USGS and MetMalaysia
are 130 points (the earthquake epicenters) but only 84 points fell within Ranau area. From
these 84 points; 60 points (71.43%) were used to compute the seismic vulnerability map. The
other 24 points (28.57%) were used to validate the two models using statistical computation
of ROC. The past earthquake data range from the year 1991 with the latest data from the
year 2019 as shown in Figure 2a.
2.2.1. Physical Indicators
Distance from buildings (Figure 2b). Building data play an important role in seismic
vulnerability assessment as the distance or closeness of these buildings from location(s)
with significant tectonic activity determining the risk of people associated with these
buildings to exposure to injury and death during an earthquake [38].
Distance from roads and distance from tracks (Figure 2c,d). Road features refer to a
paved route or major road whereby track refers to an unpaved road or muddy trail used
by the population in Ranau. Transportation networks are important in escaping dangerous
situations and facilitating the relief and assistance of the injured require roads and streets
for vehicles to pass [17]. Transportation networks also vulnerable to damages during an
earthquake. An earthquake can cause fissures, sinkholes and cracks that cut roads and
cause vehicles to plunge into sinkholes that suddenly appear before, during or after a main
shock [39]. Instead of being a tool for emergency response, roads especially paved ones
can be lethal to their users. Thus, it is important to identify which parts or location of the
transportation networks in this study are within “highly vulnerable” areas to capture the
impacts of extreme earthquakes in the future [40].
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Distance from rivers (Figure 2h). The river area is prone to liquefaction due to the
presence of a thick layer of fluvial silt and clay on water-saturated fluvial sand. During an
earthquake, the shaking will be amplified by the presence of these materials and the sandy
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sediments will liquefy, leading to subsidence and tilting of buildings, and sliding of the silt
and clay layer [49].
Distance from streams (Figure 2i). The importance of stream data is similar to river
data as the presence of small flowing water bodies will create alluvial-sands, making the
surface and the area near to the vicinity of the stream vulnerable and subject to vibration
and lubrication. As a result, man-made features especially buildings near the stream
networks are subject to slip [17,50].
Slope angle (Figure 2j). Ranau district is made up of hilly and mountainous geographical structures most notably Mount Kinabalu with an elevation of 4095 m. The hilly
geographical area of Ranau is a subject of concern as this area is situated on active regional
faults which are closely related to regional faults in the Sulu Sea and the Celebes Sea. The
slope is the most important aspect in earthquake-triggered landslides that occurred in the
Ranau 2015 earthquake as, when the accelerated velocity of an earthquake surpasses the
critical acceleration of an unstable slope under the conditions of an earthquake, the slope
may slip along the failure plane, leading to permanent displacement of the downward
orientation [51,52].
2.3. Application of Frequency Ratio (FR) Model
The FR model applied in this study is based on the assumption that future seismic
activity in the study area will affect the area and the area’s vulnerability to the future
seismic event/s is directly correlated to the nine conditional factors. References [21,53]
implemented the FR model for seismic vulnerability mapping in their research. In most
cases, many of the past researches and studies used the FR model to develop landslide
susceptibility models (e.g., [10,12,13,29,54,55]). As Ranau district’s geographical setting is
of high elevation and the 2015 earthquake proved that landslides, rockfalls, and mudslides
are the most prominent impacts of the earthquake [33], thus, the FR model is relevant to
be used in this study. For applying the FR model, weightage was derived from the nine
conditional factors using Equation (1).
Pij =

b
a

(1)

FR is based on the relationships between the distribution of past seismic activities and
each conditional factor. The ratio reveals the correlation between the past seismic activities’
locations and the factors in the study area. A larger ratio reflects a stronger relationship
between past seismic activities’ occurrences and the given factor’s class [13,56].
In this study, the FR ratio was implemented in a GIS environment. Firstly, all of
the factors which were presented in a different format, Environmental Systems Research
Institute (ESRI) shapefile and ESRI raster format were converted into ESRI raster format
with the same cell size (x, y) = 255, 255. As the processing involved multiple datasets from
different data sources, to prevent any geoprocessing error from occurring the cell resolution
for the whole output raster datasets was standardized to be the same cell size. Ideally, the
coarsest resolution of the input data was chosen as the ‘benchmark’ for the whole datasets.
The first ratio calculated was the ratio between the total number of pixels for each class
with the total number of pixels in the study area as shown in Equation (2) [57].

Npix Xj
a= n
(2)
∑j=1 Npix (xj )
where Npix (Xj ) is the number of pixels within factor variable Xj , n is the number of factors
in the study area.
The total number of pixels in the study area was extracted from the Ranau district
administrative boundary obtained from JUPEM administrative boundaries data. The
number of pixels for each class were directly obtained from the total count of pixels for each
class in ArcGIS attribute table. The second ratio is computed as shown in Equation (3) [57].
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Npix (Sxi )
∑m
j=1 Sxi

b=

(3)

where Npix (SXi ) is the number of pixels with seismic activities within class i of factor
variable X, m is the number of classes in the parameter variable Xi .
The final ratio computed for the FR model was the ratio between Equation (3) and
Equation (2) which made up Equation (1).
2.4. Implementation of Index of Entropy (IoE)
IoE values were calculated following the computation of the FR model. Following
Equations (1)–(7), these equations were calculated step by step to compute the information
coefficient; Wj through Equation (8) which represent the final weightage for each class of
the conditional factors and represent them as a whole [58–61],



pij =

pij
Sj
∑j=1 pij

(4)

Sj

Hj =

 
(
p
)
log
∑ ij 2 pij

(5)

i=1

Hj max = log2 Sj

(6)

Hj max − Hj
Hj max

(7)

Ij =

Wj = Ij pij

(8)

where Pij (1) is the frequency ratio; a and b are the domain (percentage of the total area
covered by each class) and past seismic activities’ percentages respectively; (Pij ) (4) is the
probability density; Hj (5) and Hjmax (6) represent entropy values with j = 1, . . . , n; Sj is the
number of classes; Ij (7) is the information coefficient with I = (0,1) and j = 1, . . . , n; and Wj
(8) represents the resultant weight value for the parameter as a whole.
Using the FR model, it was assumed that all the conditional factors carry equal weight
in determining the vulnerability status of the pixels. However, a factor is considered as
non-existent and will be ignored for the study when it has the same value throughout the
study area [10]. According to [62], if 90% of the study area has the same value and only
10% of the study area has different values for a particular parameter, the overall role of this
parameter in determining the vulnerability status in the study area should be less than any
other parameter whose values exhibit consistent and uniform variation throughout the
system. This study employed IoE to reduce the unevenness among the classes of each of
the conditional factors and provide a realistic status of their impact on the vulnerability
assessment of the study area as suggested by [10]. The final seismic vulnerability map was
computed using Equation (9) as follows:
N

VIOE =

Z

∑ mi × C × Wj

(9)

i=1

where VIOE is the sum of all the conditional factors; i is the number of a parametric map
(1, 2, . . . n); z is the number of classes within the parametric map with the greatest number of
classes; mi is the number of classes within the parametric map; C is the value of the class after
secondary classification [9,63].
2.5. Implementing Frequency Ratio-Index of Entropy (FR-IoE) with Analytical Hierarchical
Process (AHP)
The second method used to map the seismic vulnerability in Ranau, Sabah, is by
implementing FR-IoE results with the AHP method. The AHP method was used to find
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the relative weight and priority of each factor and their respective classes. AHP is a multicriteria decision making (MCDM) process that can be used when competing for multiple
choices or problems which allows the user to arrive at a scale rather than be pulled off a set
of alternative solutions [64–66]. However, one obvious weakness of AHP is the need for
researcher/s to compare the factors and classes based on their experience and intellectual
skills which might not fully reproduce the researcher/s thinking style [17]. Moreover, the
assignment of the weight of AHP is not very reliable and is associated with uncertainty
when comparison, evaluation, and development of the weights is based on the preference
of the researcher/s, which have a substantial influence on the weightings [67]. Thus, to
avoid bias in pairwise comparison and to improve the AHP method, FR-IoE results were
used to objectively rank factors and their classes.
2.5.1. The AHP Pairwise Comparisons Methodologies
The first step in AHP pairwise comparisons process was by ranking all the conditional
factors and classes hierarchically based on their degree of importance by referring to FR
(Pij ) values for each class and the resultant weight values for each conditional factor as a
whole (Wj ).
Then, each conditional factor and their classes were evaluated and assigned scores/scales
with values ranging from 1 to 9 based upon their degree of importance [68,69] as shown in
Table 1 using Equation (10) [70].


1

 S2
 S1
A=
 ..
 .

Sn
S1

S1
S2

1
..
.
Sn
S2

S1
Sn
S2
Sn

···
···
..
.
···






.. 
. 
1

(10)

where A = comparison pairwise matrix, S1 = score of element 1, S2 score of element 2,
Sn = score of element n.
Table 1. The scale of pairwise comparison [68,69].
Level of Importance

Definition

1

Equally Important

2

Equal to Moderately Importance

3

Moderate Importance

4

Moderate to Strong Importance

5

Strong Importance

6

Strong to Very Strong Importance

7

Very Strong Importance

8

Very to Extremely Strong Importance

9

Extreme Importance

After each factor and their classes were compared and assigned scores; scores normalization, weighted sum vector (WSV), consistency vector and principal eigenvalue (λmax )
were computed [71]. Weightage obtained for each factor and their classes were validated using consistency index (CI) and consistency ratio (CR). CI was calculated using the formula
in Equation (11) [64,72,73].
CI =

(λmax − n)
(n − 1)

(11)
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where n is the number of elements in the multi-criteria decision-making process (n is either
the number of conditional factors or the number of their classes). Then, CR was calculated
using the formula Equation (12) [72,73].
CI
(12)
RI
where RI [74] is the random index (RI) and depends on the number of elements being
compared. RI values are shown in Table 2. If CR < 0.10, the value indicates a reasonable
level of consistency in the pairwise comparison. However, if CR ≥ 0.10, then, the value
indicates inconsistent judgments [75]. In this study, the weights computed for all the classes
and factors were accepted and deemed relevant as all their CR values were <0.10.
CR =

Table 2. Random inconsistency indices (RI) for n = 1, 2 . . . 15 [74].
N

RI

N

RI

N

RI

1

0.00

6

1.24

11

1.51

2

0.00

7

1.23

12

1.48

3

0.58

8

1.41

13

1.56

4

0.90

9

1.45

14

1.57

5

1.12

10

1.49

15

1.59

2.5.2. Final Weightage Computation
The final weightage of each class with respect to their conditional factors was computed using Equation (13) as follows:
Wk = Wi ∗ Wik

(13)

where Wk is the final weightage of each class of an i conditional factor, Wi is the weight of
an i conditional factor and Wik is the weight of a k class of the i conditional factor.
All the conditional factors were combined using Equation (14) through ArcGIS ‘Raster
Calculator’ to produce the final seismic vulnerability map.
N

VAHP =

∑ Wk

(14)

i=1

where VAHP is the sum of the final weightage; i is the number of each class (1, 2, . . . n); and
Wk is the final weightage of each class of i conditional factor.
3. Results
3.1. Assessment of the FR-IoE Model and (FR-IoE) AHP Model
3.1.1. Analysis of the FR-IoE Model and (FR-IoE) AHP Model
Table 3 shows the relationship between conditional factors and their respective classes
and the computed FR (Pij ) and entropy values (Wj ) from the FR-IoE model. In the FR-IoE
model context, Wj is used as an index to measure the importance of each conditional
factor [11]. The larger the Wj value, the stronger the relationship between the seismic
activities and the conditional factors. The result shows that the most crucial factor that
heavily weights seismic vulnerability in Ranau is ‘Slope’ with Wj = 2.118. ‘Distance from
Streams’ with Wj = 0.012 is the conditional factor that least contributed to the seismic
vulnerability in Ranau using the FR-IoE model.
Table 4 show the final weightage for the classes of each of the factors in the (FR-IoE)
AHP model. Similar to the FR-IoE model, the highest weight and lowest weight computed
were the same factors which were ‘Slope Angle’; Wi = 0.306 and ‘Distance from Streams’;
Wi = 0.019 respectively. This was an expected result as the means of assigning a score to
each factor by pairwise comparison was performed using FR-IoE results. This was also
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done to avoid bias in making the judgment and decision regarding the priority order of
each factor that could affect the overall result. For the weightage computed for each of the
factors, the CR calculated is equal to 0.039.
Table 3. The resultant weight value for the parameter as a whole calculated using frequency ratio (FR) and index of entropy
(IoE) model.
Conditional Factor

Distance
from Buildings

Distance
from Roads

Distance
from Tracks

Altitude

Distance from
Faulty Lines

Lithology

Distance from
Rivers

Distance from
Streams

Slope Angle

Class

a

b

Pij

(Pij )

1 km

0.157

0.450

2.857

0.416

2 km

0.099

0.167

1.683

0.245

3 km

0.090

0.083

0.923

0.134

4 km

0.087

0.050

0.572

0.083

5 km

0.086

0.033

0.387

0.056

> 5 km

0.479

0.217

0.452

0.066

1 km

0.301

0.250

0.831

0.188

2 km

0.151

0.233

1.543

0.349

3 km

0.102

0.117

1.145

0.259

>3 km

0.446

0.400

0.897

0.203

1 km

0.347

0.517

1.489

0.358

2 km

0.153

0.117

0.764

0.184

3 km

0.101

0.133

1.319

0.317

>3 km

0.399

0.233

0.585

0.141

700<

0.562

0.183

0.326

0.019

700–1400

0.335

0.350

1.046

0.061

1400–2100

0.079

0.317

3.988

0.233

2100–2800

0.017

0.117

6.854

0.400

>2800

0.007

0.033

4.927

0.287

1 km

0.334

0.550

1.646

0.428

2 km

0.213

0.300

1.409

0.367

3 km

0.146

0.083

0.571

0.149

>3 km

0.307

0.067

0.217

0.057

Sedimentary Rocks

0.944

0.917

0.971

0.266

Intermediate to Mafic
Plutonic Rocks

0.019

0.017

0.899

0.247

Intermediate Grade
Metamorphic Rocks

0.038

0.067

1.776

0.487

1 km

0.198

0.083

0.420

0.131

2 km

0.166

0.083

0.502

0.157

3 km

0.142

0.117

0.824

0.258

>3 km

0.494

0.717

1.452

0.454

100 m

0.306

0.367

1.199

0.303

200 m

0.257

0.300

1.168

0.295

300 m

0.176

0.167

0.947

0.240

>300 m

0.261

0.167

0.638

0.162

0–15

0.763

0.600

0.786

0.071

15–30

0.237

0.350

1.479

0.134

>30

0.006

0.050

8.755

0.794

Hj

Hj max

Ij

Wj

2.203

2.585

0.148

0.169

1.956

2.000

0.022

0.025

1.903

2.000

0.048

0.050

1.897

2.322

0.183

0.627

1.698

2.000

0.151

0.145

1.512

1.585

0.046

0.056

1.825

2.000

0.087

0.070

1.960

2.000

0.020

0.020

0.671

1.585

0.576

2.118
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Table 4. Final weightage computation for (FR-IoE) AHP model.
Rank

Weightage

Classes
>30

8.755

1

0.724

0.222

Slope Angle

2.118

1

0.306

15–30

1.479

2

0.193

0.059

Distance from
Buildings

Distance from Faulty
Lines

Distance from Rivers

Lithology

Distance from Tracks

Distance from Roads

Distance from
Streams

0.627

0.169

0.145

0.070

0.056

0.050

0.025

0.020

2

3

4

5

6

7

8

9

0.218

0.154

0.109

0.076

0.055

0.037

0.026

0.019

Rank

Final
Weight

Wj

Altitude

Pij

Classes’
Weightage

Conditional Factors

0–15

0.786

3

0.083

0.026

2100–2800

6.854

1

0.503

0.110

>2800

4.927

2

0.260

0.057

1400–2100

3.988

3

0.134

0.029

700–1400

1.046

4

0.068

0.015

700<

0.326

5

0.034

0.008

1 km

2.857

1

0.441

0.068

2 km

1.683

2

0.220

0.034

3 km

0.922

3

0.145

0.022

4 km

0.572

4

0.094

0.014

>5 km

0.452

5

0.060

0.009

5 km

0.387

6

0.040

0.006

1 km

1.646

1

0.506

0.055

2 km

1.409

2

0.326

0.035

3 km

0.571

3

0.114

0.012

>3 km

0.217

4

0.054

0.006

>3 km

1.452

1

0.569

0.043

3 km

0.824

2

0.255

0.019

2 km

0.502

3

0.110

0.008

1 km

0.420

4

0.066

0.005

Intermediate Grade
Metamorphic Rocks

1.776

1

0.681

0.037

Sedimentary Rocks

0.971

2

0.201

0.011

Intermediate to Mafic
Plutonic Rocks

0.899

3

0.118

0.006

1 km

1.489

1

0.490

0.018

3 km

1.319

2

0.305

0.011

2 km

0.764

3

0.126

0.005

>3 km

0.585

4

0.079

0.003

2 km

1.543

1

0.558

0.014

3 km

1.145

2

0.259

0.007

>3 km

0.897

3

0.112

0.003

1 km

0.831

4

0.071

0.002

100 m

1.199

1

0.471

0.009

200 m

1.168

2

0.284

0.005

300 m

0.947

3

0.171

0.003

>300 m

0.638

4

0.074

0.001

As noted by [76], the relative importance of conditional factors varies for different
study areas as well as heavily dependent upon the purpose of the study and the distribution
of the ground truth/training data used in the FR-IoE and (FR-IoE) AHP models. Thus, the
FR, entropy values and weightage for conditional factors adopted in this study were only
applicable for the Ranau district for seismic vulnerability assessment only.
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3.1.2. Assessment on the FR-IoE Model and (FR-IoE) AHP Model Conditional Factors
and Classes
‘Distance from Buildings’ factor; results from the FR model showed that seismic
activities are frequent at a distance of 1 km to the buildings. The FR value is also highest
for a 1 km distance to the buildings at 2.857. For the (FR-IoE) AHP model, the highest
rank class was the buffering distance of ‘1 km’ at Wk = 0.0679. The existence of buildings
is signaling the existence of population in the area and are directly related to potential
human and economic damage in case of an earthquake episode. A high number of seismic
activities that occurred near the settlement area indicate how highly the community in the
study area is exposed to seismic vulnerability [77,78].
‘Distance from Roads’ and ‘Distance from Track’ factors; past seismic activities
computed using the FR model are mostly located at the distance ‘>3 km’ from the roads
and the distance ‘1 km’ from the tracks. The highest FR and Wk values from the (FR-IoE)
AHP model were observed for ‘Distance from Road’ of ‘2 km’ and ‘Distance from Track’
of ‘1 km’ with FR = 1.543; Wk = 0.014 and FR = 1.489; Wk = 0.018, respectively. This
information is important to the planners in an emergency response after an earthquake
episode. Transportation networks are important in post-earthquake response and recovery
routes especially in Ranau which still have limited paved-roads access. Thus, seismic
vulnerability assessment in the area is necessary for finding out the areas that are most
susceptible to disruptions of the transport networks and which emergency response trips
are most vulnerable after an earthquake [79].
‘Altitude’ factor; assessment on FR model revealed that past seismic activities mostly
occurred at an elevation of ‘700–1400 m’. Highest FR was observed at the elevation of
‘2100–2800 m’ with FR = 6.854. For the (FR-IoE) AHP model, the highest priority for the
‘Altitude’ factor was at an elevation of ‘2100–2800 m’ with Wk = 0.1095. Research done
by [80] showed that the frequency of landslides is low at an elevation less than 100 m due
to the gentle terrain characteristics while in the high elevation, the frequency increases.
These findings were relevant with high weights assigned for elevation >2100 m in this
study. The ‘altitude’ causative factor is particularly important in this study due to the
records of past earthquake-induced landslides in the area. The landslide from the 15 June
2015 earthquake resulted in mudslides on Mount Kinabalu that caused fatalities, structural
and infrastructural damage [81,82].
‘Distance from Faulty Lines’ factor; examination on the FR model showed that most
past seismic activities occurred at a distance 1 km and 2 km from the faults with the
highest FR value at 1.646 and 1.409, respectively. For the (FR-IoE) AHP model, the highest
priority for the ‘Distance from Faulty Lines’ class was determined at ‘1 km’ distance with
weight = 0.055. This is a piece of evidence that showed past seismic activities were highly
correlated with the location of the faulty lines. The results were supported by historical
earthquakes that occurred in Sabah since 1897 [83–86]. These earthquakes were mostly
triggered by intra-plate active faults. USGS earthquake focal mechanism solutions indicate
that the intra-plate earthquakes were related to both extensional and compressional active
faults [32,46].
‘Lithology’; assessment on FR results revealed that past seismic activities mostly
occurred at the location in which geological constituent is mostly made up of sedimentary
rocks. Sedimentary rocks play an important role in earthquake intensity shaking. A
study by USGS in 2006 on the 3D Geologic Map and Seismic Velocity Model showed that
soft materials, such as unconsolidated sedimentary deposits, amplify the shaking of an
earthquake [46]. For both FR-IoE and (FR-IoE) AHP models, the highest FR value and
weight value for ‘Lithology’ is the ‘Intermediate Grade Metamorphic Rocks’ class with
FR = 1.776 and Wk = 0.037, respectively.
‘Distance from Rivers’ and ‘Distance from Streams’ factors; a correlation between
the two factors with seismic activities from the FR model showed that most seismic activities
occurred at the distance >3 km from the rivers while most seismic activities occurred at
the distance of 100 m from the streams. The highest FR values were also observed at
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both distance classes with FR = 1.452 and 1.199 for the distance from rivers and streams,
respectively. For the (FR-IoE) AHP model, ‘Distance from Rivers’ was valued highest for
‘>3 km’ distance at Wk = 0.044 with ‘Distance from Streams’ at ‘100 m’ with Wk = 0.009. Any
earthquake occurrence can bring a substantial impact on the hydrology of the affected areas.
A study by [87] showed the impacts of Christchurch City earthquakes on the hydrology of
the city. The study showed that earthquakes affect the city’s hydrology in three ways; (1) the
hydrology of the rivers was fundamentally modified due to movement in the bed height,
(2) in-filling by sediment and changes in the water table, the streams’ habitat conditions
were altered, and (3) the water quality was directly affected due to untreated sewage from
burst sewers overflowed directly into the mid to low reaches of the rivers.
‘Slope Angle’ factor; application of the FR model showed that most earthquake
activities occurred at a slope between 0–15 degrees. A high FR and weightage values were
obtained at slope > 30 degrees with FR = 8.755 and Wk = 0.2217. The findings can be
correlated to past research such as [88–90]. Reference [88] considered slope configuration
and steepness as an important role in earthquake analysis especially in the hilly mountain
areas as there is an increased potential for earthquake occurrence especially when the area
is seismically active. Past seismic activities might also have weakened the slope stability in
Ranau which is geographically located in a mountainous region with the highest peak is
Mount Kinabalu.
3.2. Seismic Vulnerability Maps
Two seismic vulnerability maps were produced separately using FR-IoE and (FRIoE) AHP models. The maps were presented in the form of vulnerability index ranging
from 0.343–3.863 for the FR-IoE model and between 0.069–0.539 for the (FR-IoE) AHP
model. The maps were classified into five vulnerability classes following methodologies
from [91–95]. The selection of the classification method was based on the distribution of
the vulnerability indexes [37]. As the histogram skewed positively for both models, the
natural break classifier was applied to the models [96]. The final vulnerability maps using
the two models with five vulnerability classes are shown in Figure 3a,b.
To examine the distribution of past seismic data along with the five vulnerability classes, seismic activities density analysis was performed following methodologies
from [97,98] as shown in Table 5.
Table 5. Comparison between predicted seismic vulnerability map and past seismic activities through past seismic activities
density analysis.
FR-IoE Model

(FR-IoE) AHP Model

Seismic
Vulnerability
Class

Area (%)

Past Seismic
Activities (%)

Seismic
Activities
Density Ratio

Area (%)

Past Seismic
Activities (%)

Seismic
Activities
Density Ratio

Very Low

71.248%

33.333%

0.468

30.360%

8.333%

0.274

Low

21.900%

31.667%

1.446

40.049%

13.333%

0.333

Moderate

4.926%

20.000%

4.060

21.314%

26.667%

1.251

High

1.378%

10.000%

7.254

7.703%

46.667%

6.059

Very High

0.548%

5.000%

9.119

0.575%

5.000%

8.697

It was shown that 71.428% of the total area of seismic vulnerability map produced
using the FR-IoE model have a very low seismic vulnerability; 21.900% of the areas fall
under low vulnerability zones. Moderate vulnerability areas constituted 4.926% of the total
area. The high and very high vulnerability zones contributed 1.378% and 0.548% of the
total area, respectively. Overall, 15.000% of the total past seismic activities fall in the very
high and high seismic vulnerability areas. Moderate vulnerability zones made up 20.000%
of the past seismic activities. Low and very low seismic zones contributed 65.000% of the
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51.667% of the total past seismic activities fall in the very high and high vulnerability areas. Moderate vulnerability zones made up 26.667% of the past seismic activities. Low and
very low seismic zones contributed 21.666% of the total past seismic activities. Similar to
the FR-IoE model, high seismic activity density ratios were observed for high and very
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high vulnerability areas at 8.697 and 6.059, respectively. According to [13], an ideal
ceptibility map has the events (e.g., landslides) density values increasing from low to
higher-tiered class. Based on Table 5, the past seismic activity density is gradually increased
from
low to
high vulnerability
classactivity
which density
satisfiedratios
the analysis.
total past
seismic
activities.
High seismic
were observed for high
and very high vulnerability areas at 7.254 and 9.119, respectively.

Table 5. Comparison between predicted seismic vulnerability map and past seismic activities
The seismic vulnerability map produced using the (FR-IoE) AHP model displayed very
through past seismic activities density analysis.

low and low seismic vulnerability for 30.360% and 40.049% of the total area, respectively.
Moderate vulnerability areas
made
up 21.314% of the total
area. AHP
The high
and very
FR-IoE
Model
(FR-IoE)
Model
high
vulnerability zones accounted for 7.703%
and 0.575% of the total area, respectively;
Seismic
Seismic
Seismic
Past
Seismic
Past Seismic
51.667%
of
the
total
past
seismic
activities
fall
in
the
very
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and
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3.3.
Validation
3.3. Model
Model Validation
To determine the models’ quality and to validate the models’ reliability, the seismic
vulnerability maps produced were checked using areas under the ROC curves based on
guides from previous research such as [10,12,13,98–100]. According to [101], the ROC
method represents different accuracy values obtained against the whole range of possible
threshold values of the functions and serves as a global accuracy statistic for the model.
The ROC curve is mapped for the sensitivity of the model against 1-specificity [102,103].
ROC provided the diagnostic accuracy of the model in the form of AUC values as shown
in Table 6. For model validation, success rate and prediction rate curves were created by
comparing the past seismic activities with the seismic vulnerability maps [10,21]. The ROC
curves were computed using SPSS software as shown in Figure 4.

Model Used
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Values

FR-IoE
0.853
(FR-IoE) AHP 0.856
FR-IoE

0.863

Error
0.036
0.036
0.052
0.045

Significance
Lower Bound
Success Rate
0.000
0.782
0.000
0.786
Prediction Rate
0.000
0.762
0.000
0.817
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raterate
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IoE
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model
(0.856),
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(c)
and
(d)
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(0.863) and (FR-IoE) AHP model (0.906), respectively.

4. Discussion
The FR-IoE and model had success and a prediction rate of 0.853 and 0.863, respectively,
while (FR-IoE)
AHPTheir
reported
a success
rate andVulnerability
prediction rate
of 0.856 and
4.1.
Tectonic
Settings and
Importance
to Seismic
Assessment
in 0.906,
respectively.
Ranau,
SabahAUC values range from 0 to 1; a value of 0 indicates a perfectly poor model, a
valueVulnerability
of 1 reflects aassessment
perfectly accurate
model
a value ofSabah
0.5 suggests
discrimination
in Ranau
andand
particularly
is very no
important
due to
or
no
class
separation
existed
in
the
model
[104].
Reference
[105]
stated
a
guide
forwhere
interits ‘risky’ location on the Sunda Plate and a tectonically dynamic margin of Borneo
preting
AUC
values
for
a
model
as
follows;
0.90–1
as
excellent,
0.80–0.90
as
good,
0.70–0.80
it is surrounded by active plates of the Sunda, Indo-Australian, and Philippines Sea plates
as fair,
0.60–0.70
as poor anddistribution
0.50–0.60 asoffail.
In this
study, the
(FR-IoE)
was
with
a highly
concentrated
seismic
activities
around
this AHP
regionmodel
[106,107].
evaluated
to
have
the
highest
accuracy.
The
models
used
for
this
study
all
have
asymptotic
Through the Philippine-Pacific, the effects of the movements of the plates at the rate of
significance probability 0.00 with lower and upper boundaries of the 95% asymptotic
~10 cm/ year against the moving Eurasian plate at the rate of ~5 cm/year placed Sabah
confidence interval of ≥ 0.762 for both models, indicating statistical significance [12].
under a west-northwest–east-southeast (WNW–ESE) compressive stress regime along
with north-east–south-west (NE–SW) trending active thrust faults and north-west-southeast (NW-SE) trending active strike-slip faults [32]. Effects from seismic activities from
south Indonesia are higher due to the Sunda plate [5,108–110]. Since 1973, multiple earthquakes between magnitude 7.5 to 9.0 have occurred in the tectonic Sunda Plate boundaries
that were induced by the Sunda Trench and Manila Trench on the Sunda Plate boundary
and by the Molucca Sea, Banda Sea, Timor and Bird’s Head plates in the southeast [4,111].
In short, Sabah is ‘sitting’ on the movement of the major plates. According to [32], about
65 local light to moderate seismic activities with magnitude >3 were recorded on USGS
and Incorporated Research Institutions for Seismology (IRIS) earthquake database from
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Table 6. Area under the curve (AUC) comparisons of the two models were computed from SPSS software.
Model
Used

AUC
Values

Standard
Error

Asymptotic
Significance

Asymptotic 95% Confidence Interval
Lower Bound

Upper Bound

Success Rate
FR-IoE

0.853

0.036

0.000

0.782

0.923

(FR-IoE)
AHP

0.856

0.036

0.000

0.786

0.926

Prediction Rate
FR-IoE

0.863

0.052

0.000

0.762

0.964

(FR-IoE)
AHP

0.906

0.045

0.000

0.817

0.995

4. Discussion
4.1. Tectonic Settings and Their Importance to Seismic Vulnerability Assessment in Ranau, Sabah
Vulnerability assessment in Ranau and particularly Sabah is very important due to its
‘risky’ location on the Sunda Plate and a tectonically dynamic margin of Borneo where it
is surrounded by active plates of the Sunda, Indo-Australian, and Philippines Sea plates
with a highly concentrated distribution of seismic activities around this region [106,107].
Through the Philippine-Pacific, the effects of the movements of the plates at the rate of
~10 cm/year against the moving Eurasian plate at the rate of ~5 cm/year placed Sabah
under a west-northwest–east-southeast (WNW–ESE) compressive stress regime along with
north-east–south-west (NE–SW) trending active thrust faults and north-west-south-east
(NW-SE) trending active strike-slip faults [32]. Effects from seismic activities from south
Indonesia are higher due to the Sunda plate [5,108–110]. Since 1973, multiple earthquakes
between magnitude 7.5 to 9.0 have occurred in the tectonic Sunda Plate boundaries that
were induced by the Sunda Trench and Manila Trench on the Sunda Plate boundary and
by the Molucca Sea, Banda Sea, Timor and Bird’s Head plates in the southeast [4,111]. In
short, Sabah is ‘sitting’ on the movement of the major plates. According to [32], about
65 local light to moderate seismic activities with magnitude >3 were recorded on USGS
and Incorporated Research Institutions for Seismology (IRIS) earthquake database from
1900 to 2016 onshore or within the waters of Sabah. The records were limited due to the
detection by older seismographs in Sabah. Installation of new seismographs in Sabah in
2009 recorded a hike in seismic activities. In the year 2015 solely, MetMalaysia recorded
155 small earthquakes with magnitude >2 in Sabah. These earthquakes were concentrated
around the Lahad Datu-Kunak and Kundasang-Ranau areas. The records proved that
the region is tectonically active and, in the future, an earthquake with a large magnitude
as compared to the 2015 6.0 Mw Ranau earthquake might occur. Apart from slope angle,
elevation and distance from buildings factors, faulty lines are also concentrated in the same
areas in Ranau with FR = 1.646 and FR = 1.409 for both distances‘ 1 km’ and ‘2 km’ from
the faults. The final vulnerability maps produced also showed that high and very high
vulnerability areas ‘coincide’ with the areas that are concentrated by these four factors with
the highest entropy values. Thus, any major movement from plates that exist in these areas
can induce a major earthquake in the future that can bring extensive damage to the areas.
4.2. Seismic Vulnerability Studies in the Study Area
Past research on seismic vulnerability in Sabah such as [7,112–115] only focused on
buildings or physical vulnerability rather than implementing the combination of various
indicators such as physical (e.g. buildings, buildings’ materials and other man-made
infrastructures), economy (Gross Domestic Product (GDP), wealth of households), environmental (slope, elevation) and social (population, age) indicators in vulnerability
mapping [16,21,116]. Reference [7] for example, evaluated 54 buildings in 12 districts of
Sabah to determine their structural performance level and structural deficiency. They sug-
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gested an appropriate retrofitting plan for buildings under the risk of damages based on the
predicted intensity of seismic activities from the outcomes of their study. Reference [115]
investigated vulnerability of public buildings in Sabah for low, medium, and high-rise
buildings through eight reinforced concrete buildings. They used finite element modeling (FEM) and applied different intensities of earthquake load to analyze the maximum
allowable earthquake load intensities for the buildings. The model simulations showed
that if any low to medium earthquake intensity is to occur, the event would mostly incur
moderate damage to the buildings in the study. These studies were very much limited
and focusing on one type of factor only which is the structural component of the seismic
vulnerability study in the study area.
Thus, in this study, an attempt was made to model seismic vulnerability in Ranau,
Sabah, using methodologies undertaken by [10–13,96,97,117] by incorporating two indicators; physical and environmental indicators. Two different hybrid models; FR-IoE and
(FR-IoE) AHP which originated from three models; FR, IoE and AHP were used to assess
seismic vulnerability in Ranau district, Sabah, using previous records of seismic activities
in the region by considering nine factors as the input data for the model construction. All
the data were processed in a GIS environment which has been regarded as an excellent
tool in spatial management and data manipulation [12]. Studies on past research [118–123]
showed that they succeeded in modeling various natural disasters (e.g., landslides, floods,
volcanic eruptions, forest fire, tsunamis) using FR or IoE or the combination of both and
AHP either for mitigation, susceptibility, vulnerability, hazard or risk purposes with good
model performances.
4.3. Comparisons with Past Research on the Seismic Vulnerability Assessment
Although seismic vulnerability assessment using various indicators with similar
approaches has never been carried out in the study area, various research projects internationally have been undertaken concerning seismic vulnerability assessment. [25] for
example used FR, DT, RF to map the seismic vulnerability of Gyeongju, South Korea, and
compared the accuracies of the three models using 18 factors. They found out that the peak
ground acceleration (PGA) and distance to the epicenter have the highest influences on
seismic vulnerability in the DT and RF models while altitude had the greatest impact in
the FR model. Their analysis showed the RF model to have the highest functional performances with success and prediction rates of 1.000 and 0.949, followed by the DT model
with 0.899 and 0.851, and the FR model with 0.661 and 0.655 for success and prediction
rates, respectively.
Reference [21] used LR and four kernel models of SVM; linear (L), polynomial (P),
radial basis function (RBF), and sigmoid (S) for seismic vulnerability purposes, also using
18 factors. The success rates observed were 0.652, 0.649, 0.842, 0.998, and 0.630 with the
prediction rates of 0.714, 0.651, 0.804, 0.919, and 0.629 for LR, SVM-L, SVM-P, SVM-RBF
and SVM-S models, respectively. The highest model’s performance was obtained by RBFSVM. The evaluation of the factors used to construct the LR model showed that building
age, distance to roads, and construction materials were less significant in the seismic
vulnerability of the study area.
Reference [124] employed LogitBoost, logistic model tree (LMT), and LR to map and
analyze the seismic vulnerability in southeast Korea using 15 related factors. The AUC
values computed were were 0.769, 0.851, and 0.749, respectively, for LogitBoost, LMT and
LR models. They found that factors such as PGA and distance from the epicenter strongly
influenced the seismic vulnerability of the study area.
Reference [17] combined five different models (OWA, fuzzy, AHP, ANP and LR) as
four hybrid models (A-fuzzy, A-OWA, Fuzzy-LR and OWA-LR) to improve the accuracy of
seismic vulnerability mapping in their study area of Sanandaj City, Iran using 15 factors.
They found that the dominating factors were population density and distance from the
fault. Their validation results showed that A-OWA and OWA-LR models provided the
best model performances with AUC values of 0.855 and 0.900 respectively. Based on their
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results, they suggested the implementation of hybrid models to eliminate unreliable results
that existed in individual models.
These research works used various models or combinations of the models for seismic
vulnerability assessment in their respective areas of interest. The number of factors they
chose in seismic vulnerability mapping and the factor(s) that have a strong influence on
seismic vulnerability in their study areas were also different for each study. From all the
factors used in these researches, factors such as altitude, the existence of buildings and
distance from faults consistently appeared to be highly influenced in seismic vulnerability
assessment of the study areas. These findings have mostly influenced the factors chosen
for this study and should be used as an important reference for future related studies. The
seismic vulnerability mapping result could also be improved by exploring alternatives
such as hybrid models of various individual models, particularly the combination of the
traditional method such as AHP with deep learning models such as ANN or RF as shown
by [17].
4.4. Relevance and Output of the Studies
Reviews from international literature showed that few works have been undertaken
concerning earthquake or seismic vulnerability using the combination of FR-IoE. Most
of the research used FR alone for earthquake or seismic vulnerability assessment [21].
In this study, the combination between FR-IoE results with AHP experimented with the
main idea was to minimize bias that existed in the decision-making process from AHP
methodologies. The performances of both models were then compared based on the final
seismic vulnerability index maps. The model validation using areas under the ROC curves
showed accuracy level between good to excellent were achieved for both models with
AUC values ≥0.853 for both success and prediction rate with the (FR-IoE) AHP model
showing the highest accuracy for both success and prediction rate. From the results,
it can be hypothesized that the methodologies and result of AHP could be boosted by
integrating the AHP process with other decision-making model/s. For future researches,
an old method such as AHP can be combined as a hybrid with machine learning methods
such as SVM, ANN, RF, and Naïve Bayes to analyze the performances of these models
combination in natural hazard analysis. From the nine factors used in this study, slope
and altitude factors were found to be the most significant factors influencing the seismic
vulnerability in Ranau with Wj = 2.118 and Wj = 0.627 for slope and altitude factors
respectively. Both final seismic vulnerability maps produced consistent output in which
very high and high vulnerability areas were concentrated on the northeast part of Ranau
where Mount Kinabalu and Crocker Range are located.
5. Conclusions
This study implemented three models; FR, IoE and AHP in seismic vulnerability
assessment of Ranau, Sabah. Nine factors that are related to physical and environmental
indicators were used in this study including slope, altitude, distance from buildings,
distance from faulty lines, distance from rivers, lithology, distance from tracks, distance
from roads and distance from streams factors. The results showed that slope, altitude,
distance from buildings and distance from fault lines were the most significant factors in
seismic vulnerability assessment of the study area with distance from streams evaluated
to be less likely to influence the seismic vulnerability in Ranau, Sabah. The researchers
acknowledged that there were limited numbers of conditional factors or parameters used in
this study. However, as a pilot study, the numbers of conditional factors used were enough
to access seismic vulnerability in the study area. It is recommended that future studies
of seismic vulnerability should consider other factors such as utilities (e.g., electric, gas,
water, and telecommunications), population, and land-cover/land-use data. The seismic
vulnerability map produced for the study area would be useful for planners and decisionmakers to mitigate any potential large magnitude earthquake in the study area to reduce
damage and fatalities incurred by such earthquakes based on the identification of areas
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with high and very high vulnerability in Ranau, Sabah. A future research direction should
include seismic hazard properties such as ground motion (e.g., PGA, peak ground velocity
(PGV)), fault rupture and soil liquefaction [125] to combine with a seismic vulnerability
map of the area to produce a complete final seismic risk map.
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