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Abstract: Fires resulting from human activities, encompassing arson, electrical problems, smoking,
cooking mishaps, and industrial accidents, necessitate understanding to facilitate effective preven-
tion. This study investigates human-caused fires in Keelung City, Taiwan, employing geographic
information system (GIS)-based dimensionality reduction techniques. By analyzing eleven diverse
factors, including fire incident density, population-related, building-related and economic-related
features, valuable insights are gained for enhancing fire prevention. Utilizing principal component
analysis (PCA), factor analysis (FA), and out-of-bag (OOB) predictor importance, our algorithm
identifies key factors explaining dataset variance. Results from three approaches reveal a significant
link between fire incidents and the elderly population, buildings over 40 years old, and the tertiary
sector in the economy, contributing to developing effective measures for mitigating and managing
fire occurrences.

Keywords: human-caused fires; principal component analysis; factor analysis; geographic information
system; Keelung city

1. Introduction

Fire disaster is one of the common hazards in various regions, such as Japan, Europe,
Australia, Greece, and Taiwan [1-9]. According to diverse statistical analyses and method-
ologies used to streamline datasets when investigating the causes of fire occurrences and
regional characteristics [2,3,5,9], fire incidents are categorized into various causes, including
electrical factors, mechanical equipment, smoldering materials, spontaneous combustion
of flammable substances, cigarette butts, candles, suicide, cooking-related fires, stoves,
religious activities, ancestral worship, tomb sweeping, bonfires, construction accidents,
playing with fire, gas leaks or explosions, fireworks, chemicals, traffic accidents, natural
disasters, unknown causes, and other reasons [10,11]. In exploration of factors influencing
fire safety, Karemaker et al. [12] mentioned that the elderly population faces concerning
domestic fires, highlighting the urgent need for targeted interventions to mitigate such
risks in their homes. As underscored by Laban et al. [13], the age of the dwelling emerges
as a critical factor amplifying the susceptibility to fire hazards. Their research signals that
as houses age, the risk of fire incidents escalates, shedding light on a nuanced aspect of
fire safety that demands attention [13]. Furthermore, there are socioeconomic dimensions
of fire safety, acknowledging the significance of socioeconomic factors as prominent pre-
dictors of fire rates at the neighborhood level [14]. Through a synthesis of these factors
and insights from the existing literature [10-14], our study seeks to provide a nuanced and
comprehensive perspective on the interconnections between demographic shifts, structural
aging, economic dynamics, and fire safety.

According to data from Taiwan in 2021 [15], there were a total of 21,684 reported fire
incidents, leading to a significant economic loss surpassing 355.2 million New Taiwan
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Dollars (NTD). These incidents resulted in approximately 192 fatalities and 304 injuries. In
the context of Keelung City, there were 133 reported fire incidents in the same year. Among
these incidents, electrical factors emerged as the predominant cause, constituting 39 cases
and representing 29% of the total occurrences [16,17]. Based on the fire investigation data
from the Keelung City Fire Bureau in the past decade [18], building fires are the most com-
mon type of fires in Keelung City. The investigation data reveals that most fire incidents
in the city are caused by human negligence, with electrical factors and cooking-related
fires being the primary causes [17,18]. Previous studies in various countries, including
Spain, Japan, and Europe [2,3,6], have utilized various approaches like principal compo-
nent analysis (PCA), comparative analysis, and statistical analysis to explore the factors
behind fire incidents and regional attributes. PCA stands out as a prevalent dimension-
ality reduction technique frequently employed in the investigation of fire incidents and
regional attributes, identifying numerous factors associated with fire characteristics [19-22].
These variables encompassed average population density, household density, ratios of
elderly population, and more. Findings from the prior studies [2,5,23-25] indicate that the
spatial-temporal dynamics within fire regime attributes, including fire frequency, burnt
area, occurrences of large fires, and incidents of both natural and human origin, constitute
a critical component of fire regime characterization. These findings unveiled spatiotempo-
ral trends in fires [26,27]. Additionally, the geographic information system (GIS) enables
spatial analysis and the integration of spatial data for environmental analysis and disaster
management [28,29]. Combining GIS with PCA aids in identifying spatial patterns and
trends associated with human-caused fires [30], offering multiple benefits for delineat-
ing fire patterns [31]. This integration establishes a robust framework for characterizing
fires [32,33], integrating spatial analysis, dimensionality reduction, pattern recognition, risk
factor identification, and effective visualization and communication of results [29-31].

In addition to employing PCA to investigate spatiotemporal trends in fires, previous
studies utilize various other dimensionality reduction methods like factor analysis (FA) and
linear discriminant analysis to investigate the factors contributing to fires [19,22,32]. Di-
mensionality reduction aims to decrease the number of features in a dataset while retaining
as much information as possible. PCA and FA are both techniques used for dimensionality
reduction, but they adopt different methods to project the data onto a lower-dimensional
space while preserving important information [19,20]. PCA has been employed to ana-
lyze fire incidents and regional attributes, identifying various factors including human
activities, industrial behaviors, building types, and other pertinent variables for evaluating
fire-related characteristics. The use of PCA has been effective in summarizing temporal
behavior and exploring potential connections in the evolution of fire features [19]. Further-
more, PCA is beneficial for characterizing fires by simplifying intricate datasets, identifying
key factors, uncovering dominant trends, assisting in visualization, and establishing a
foundation for more efficient and accurate analyses [20,21]. In recent years, climate change
has frequently increased the susceptibility of certain areas to wildfires, simultaneously esca-
lating the severity of fire incidents [23,25,34,35]. In light of the influence of global warming
and extreme climate changes, PCA has found widespread application in the analysis of fire
characteristics and the examination of spatiotemporal trends in fires [19,20,35,36]. Within
the realm of machine learning methods such as PCA and FA, random forest (RF) stands out
as a robust algorithm known for its strong performance with default settings [7,37,38]. RFs
offer the benefit of estimating predictor importance through the permutation of out-of-bag
(OOB) predictor observations across the ensemble of trees [39,40]. The OOB predictor refers
to a method used for estimating the prediction error of a model trained with bootstrap
aggregation (bagging) [41]. This involves computing the increase in OOB errors resulting
from randomly permuting the observations of predictor variables in the OOB sample for
each tree. The averaged value over all trees indicates the importance of each variable within
the RF. The higher the importance measure, the greater the influence of the variable in
predicting the response [42].
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In this study, we analyze the contributing factors of fire incidents and combine the
spatial distribution of fires with factors such as elderly population, population density,
and building age to identify potential areas for strengthening preventive measures. By
exploring the various factors associated with fires, we aim to provide insights for enhancing
fire prevention strategies in the future. Human-caused fires, stemming from activities such
as negligence, arson, electrical malfunctions, or industrial accidents, are a significant
concern requiring in-depth analysis for effective prevention and risk assessment. This
article presents an innovative approach to analyzing human-caused fires in Keelung city,
Taiwan, utilizing GIS-based dimensionality reduction techniques. Given the substantial
risks associated with these fires, comprehending their characteristics and influencing
factors is paramount. The proposed method involves an examination of multiple factors,
including fire incident density, population density, the proportion of elderly individuals, the
proportion of old buildings, the proportion of old non-reinforced concrete (RC) buildings,
and the economic contributions of the secondary and tertiary sectors. This comprehensive
analysis aims to provide valuable insights that can enhance strategies for fire prevention
and risk assessment. Implementing a multi-factorial perspective, the algorithm employs
dimensionality reduction techniques including the PCA, FA, and OOB predictor importance
to identify key components that explain the majority of the variance in the dataset. This
approach facilitates a thorough understanding of human-caused fires by considering their
various dimensions. The proposed model’s effectiveness is validated using historical fire
incident data.

2. Materials and Methods
2.1. Study Area and Dataset

The study area is Keelung City, located in the northeastern part of Taiwan. It has
a land area of approximately 132.8 km?. The majority of the city’s land is covered by
slopes, accounting for about 94% of the total land area, while flat terrain comprises only
around 5%. The remaining areas mainly consist of rivers and lakes, with the Keelung River
being one of the most significant rivers in the city, running through the entire area and
flowing into Keelung Port. Keelung City is divided into seven districts, namely Renai
District, Xinyi District, Zhongzheng District, Zhongshan District, Anle District, Nuannuan
District, and Qidu District, as shown in Figure 1la. The city has a total of 157 villages.
Keelung City has a total of 156,056 households. The population of Keelung City is nearly
370,000 people [43]. GIS spatial analysis was employed to generate a village unit GIS-
based model encompassing 157 villages within the study area. This study utilized ArcGIS
10.8, which is developed by the Environmental Systems Research Institute (ESRI) and
renowned as one of the most extensively employed GIS software (https://www.esri.com/
en-us/home, accessed on 1 March 2023) products globally [44,45]. ArcGIS provides a
broad spectrum of tools for mapping, spatial analysis, data management, and visualization.
The comprehensive procedure involves the utilization of the GIS, where geographical
information, specifically the Taiwan Datum 1997 (TWD97) coordinate system, pertaining
to the study area, is digitized and incorporated into the GIS as layers, along with various
attribute data.

Data regarding the location, frequency, and types of fires occurring in Keelung City
over the past decade have been collected from the Keelung City Fire Bureau [16]. By
analyzing this historical data, we can identify potential fire hotspots that may be linked
to specific geographical conditions or human activities. Following these steps, the fire
incident hotspots in Keelung City are depicted in Figure 1b, facilitating the formulation of
response measures to minimize losses and safeguard communities.
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Figure 1. Location of study area and fire incidents over the past decade: (a) Location of Keelung City;
(b) Location of fire incidents over the past decade in Keelung City.

2.2. Geospatial Data Preparation

To investigate human-caused fires using GIS-based dimensionality reduction tech-
niques in Keelung City, Taiwan, this study organizes geospatial data. Firstly, fire incident
data spanning the last decade [16] is collected from the Keelung City Fire Bureau. This
dataset comprises eleven varied factors, encompassing fire incident density, population-
related, building-related, and economy-related attributes. Table 1 outlines all eleven factors,
where Factor 1 denotes fire density per unit area, Factor 2 to Factor 11 represent factors perti-
nent to fire incidents: Factors 2 to 5 correspond to population-related attributes, Factors 6 to
8 pertain to building-related characteristics, and Factors 9 to 11 relate to economic factors.

Table 1. Factors from fire datasets in this study.

Factor Description Aquired Time Source Data
Factor 1 Fire density over the past 10 years 2021 Keelung City Fire Bureau [16]
. . Household Registration Division, Department of
Factor2 Population density 2021 Civil Affairs, Keelung City Government [43]
. . Household Registration Division, Department of
Factor 3 Proportion of elderly population 2021 Civil Affairs, Keelung City Government [43]
Factor 4 Proportion of elder}y living alone 2021 Department of Social Affairs, Keelung City
population Government [46]
. . Household Registration Division, Department of
Factor 5 Proportion of young age population 2021 Civil Affairs, Keelung City Government [43]
. . Department of Urban Development, Keelung
Factor 6 Building density 2021 City Government [47]
. s Department of Urban Development, Keelung
Factor 7 Proportion of buildings over 40 years old 2021 City Government [47]
Proportion of non-reinforced concrete (RC) Department of Social Affairs, Keelung City
Factor 8 o 2021
buildings Government [46]
Factor 9 Proportion of first sector of the economy 2021 Department of Economic Affairs, Keelung City
Government [48]
Factor 10 Proportion of secondary sector of the 2021 Department of Economic Affairs, Keelung City
economy Government [48]
Factor 11 Proportion of tertiary sector of the 2021 Department of Economic Affairs, Keelung City

economy

Government [48]
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The raw data for the eleven factors used in this study are sourced from various depart-
ments of the Keelung City Government [16,43,46—48]. This study focuses on inventorying
the factors associated with fire disasters and utilizing the GIS as an analytical tool. The
various attribute data are digitized and input into GIS software, facilitating the analysis
of the data and their spatial applications. To integrate point data for each factor listed
in Table 1, which already contains location information, into village units within a GIS
framework, we initially import the point data representing specific locations into the GIS
software. This dataset may include information on incidents, landmarks, or other relevant
point-based data associated with village units. Subsequently, we import village boundary
data to delineate the geographic boundaries and extent of each village unit. We subse-
quently employ spatial analysis tools within the GIS software to perform a spatial join
between the point data and the village boundary data, enabling the analysis of the spatial
distribution of point data within the village boundaries. This procedure links each point
with the respective village unit it pertains to. Upon completion of the spatial join, attributes
from the point data can be transferred to the corresponding village units, enabling the
aggregation and analysis of point-based information at the village level. Through the
implementation of these specified steps, the integration of point data with village units in a
GIS environment is achieved, facilitating the utilization of spatial analysis techniques to
extract valuable insights from geographic datasets.

Figure 2 illustrates the various fire incident factors. The aim of this study is to investi-
gate which factors, from Factor 2 to Factor 11, are correlated with Factor 1 (fire density per
unit area) to find the factors highly associated with high fire incident density. The following
section provides an introduction and explanation of the definitions for factors from Factor 1
to Factor 11.

2.2.1. Fire Density over the Past 10 Years

The historical fire data used in this study span from 2012 to 2021 and are sourced
from the Keelung City Fire Bureau. Over the past 10 years, there have been approximately
1095 fire incidents recorded by the Fire Bureau [16]. In this study, the focus is on analyzing
indoor fire disasters, excluding non-building-related fires. Within the 10-year period, there
were 811 incidents of indoor fire disasters. Detailed information on the frequency and
spatial distribution of fire incidents in Keelung City can be found in Figure 2a where the
fire density in Keelung City over the past 10 years is depicted. The definition of the fire
incident density over the past 10 years is as in Equation (1).

Ny
F=— @
where F; denotes the fire density over the past 10 years, Ny denotes the number of fire inci-
dents in each village, and A denotes the area of each village (measured in square meters).

2.2.2. Population Density

In this study, population density is determined by dividing the total population of
the village by its land area, establishing it as a crucial factor for calculating the population
density, defined as Equation (2).

Npg
=1 2
2= ()

where F, denotes the population density, and N,,; denotes the number of people in each
village. The spatial distribution of population density in Keelung City is presented in
Figure 2b.



Appl. Sci. 2024, 14, 1930

6 of 19

v

e e

Scale 1 : 76,000

@, , Scale 1:76,000

New Taipei City

=45 107 10X 1

BT

= .

Figure 2. GIS variables for various fire incident factors. (a) Fire density (number of fires/ m?);
(b) Population density (number of population/ m?); (c) Proportion of elderly population (number of
elderly/m?); (d) Proportion of elderly living alone population (number of elderly living alone/m?);
(e) Proportion of young age population (number of young people/ m?); (f) Building density (number
of buildings/m?); (g) Proportion of buildings over 40 years old (number of buildings over 40 years
old/m?); (h) Proportion of non-RC buildings (number of non-RC buildings/ m?); (i) Proportion of
first sector of the economy (number of first sector of the economy/ m?); (j) Proportion of secondary
sector of the economy (number of secondary sector of the economy/m?); (k) Proportion of tertiary
sector of the economy (number of tertiary sector of the economy/m?).
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2.2.3. Proportion of Elderly Population

According to the World Health Organization (WHO), individuals aged 65 and above
are considered elderly [49]. In this study, Equation (3) defines the proportion of the
elderly population.

where F3 denotes the proportion of population aged 65 and above, and Nj, denotes the
number of people aged 65 and above in each village. The proportion of people aged 65 and
above is presented in Figure 2c.

K

2.2.4. Proportion of Elderly Living Alone Population

According to the Department of Social Affairs, Keelung City Government [46], elderly
individuals living alone are defined as those aged 65 and above who are registered as living
alone, and whose children do not actually reside in Keelung or lack the ability to provide
care. The proportion of the elderly living alone population is evaluated by Equation (4).

_ Npe

F
4 A

(4)
where F; denotes the proportion of elderly people living alone, and N, denotes the number
of elderly individuals living alone in each village. Figure 2d illustrates the proportion of
elderly living alone population.

2.2.5. Proportion of Young Age Population

According to the Ministry of the Interior [17], individuals aged 0-14 are considered
part of the young age population. The proportion of young age population is evaluated by
Equation (5).

N 24

where F5 denotes the proportion of young population, and Ny, denotes the number of young
population in each village. Figure 2e illustrates the proportion of young age population.

Fs

2.2.6. Building Density

The building density refers to the ratio of the total built-up area within a specific
village to the total land area of that village, defined as Equation (6).

_ Nu

F
6 A

(6)

where Fg denotes the proportion of buildings, and Nj; denotes the number of buildings in
each village. Figure 2f illustrates the proportion of buildings.

2.2.7. Proportion of Buildings over 40 Years Old

The aging of building structures introduces potential safety concerns, including aged
wiring and material deterioration, which may escalate the likelihood of a fire. The propor-
tion of buildings over 40 years old is defined as Equation (7).

:Nbo
AI

F (7)
where F; denotes the proportion of buildings over 40 years old, and Nj, denotes the number
of buildings aged 40 years and above in each village. Figure 2g illustrates the proportion of
buildings aged 40 years and above.



Appl. Sci. 2024, 14, 1930

8 of 19

2.2.8. Proportion of Non-Reinforced Concrete (RC) Buildings

Non-RC buildings refers to structures constructed with unreinforced concrete, lacking
the addition of steel bars or mesh. In construction, reinforcement is commonly integrated
into concrete structures to augment their strength and longevity. It signifies that the
mentioned buildings do not possess this supplementary reinforcement and have been in
existence for four decades. In this study, non-RC buildings are considered one of the factors
influencing fire, with its formula expressed as Equation (8).

_ Nbrc

F
8 A

(®)

where Fg denotes the proportion of buildings, and Nj,. denotes the number of non-RC
buildings in each village. Figure 2h presents the ratio of non-RC buildings in Keelung City.

2.2.9. Proportion of First, Secondary, and Tertiary Sectors of the Economy

According to the Department of Economic Affairs, Keelung City Government [48],
industries in Keelung City are classified into three levels: primary industry, secondary
industry, and tertiary industry. The primary industry includes forestry, agriculture, animal
husbandry, and fishing. The secondary industry comprises industrial activities, while the
tertiary industry encompasses service-related sectors such as food and beverage, accom-
modation, and more. The proportion of the first, secondary, and tertiary sectors of the
economy is evaluated by Equation (9).

N fe Nge Nte
F9—7, F10_7/ an(11:11—7 )
where Fy, Fjj, and Fy; denote the proportion of first, secondary and tertiary sectors of the
economy, and N fer Nse, and N denote the number of first, secondary, and tertiary sectors
of the economy in each village. Figure 2i-k illustrates the proportion of first, secondary,
and tertiary sectors of the economy.

3. Dimensionality Reduction Techniques

Dimensionality reduction methods in machine learning are employed to decrease
the number of features or variables in a dataset while retaining essential information.
The objective is to simplify the dataset by removing redundant or irrelevant information,
thereby addressing the dimensionality reduction [22,34]. In this study, we implemented
dimensionality reduction to enhance data interpretability. While these techniques serve
diverse purposes in machine learning, PCA, FA, and OOB predictor importance are in-
terconnected with dimensionality reduction for feature extraction [41,42], as utilized in
this study. Additionally, OOB predictor importance was employed to identify influential
predictors among the eleven variables and was compared to results obtained from PCA
and FA.

3.1. Principal Component Analysis

The primary goal of PCA is to transform the original variables into a new set of
uncorrelated variables or principal components that capture the maximum variance in the
data. In PCA, it assumes that all the variance in the variables is due to the underlying
structure captured by the principal components [19,20]. These components are linear
combinations of the original variables. The principal components are linear combinations
of the original variables, and each component is a weighted sum of all variables [21,22].
These components capture the maximum variance in the data, allowing for the reduction
of dimensions while preserving most of the information.

PCA was used for feature extraction among the eleven variables, and it helps identify
the directions in which the data varies the most. The principal components are linear
combinations of the original features. It seeks to summarize or approximate the data using
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fewer dimensions. The interpretation of these components in terms of the original variables
might not be straightforward. Principal components are orthogonal to each other, ensuring
that they capture different aspects of variance [34,35].

3.2. Factor Analysis

Similar to PCA, FA is a technique for dimensionality reduction. However, FA assumes
that observed variables are influenced by underlying latent factors, and it aims to identify
these factors among the eleven variables. The purpose of FA is to identify latent factors
that underlie the observed correlations among variables. These latent factors are assumed
to influence the observed variables, and FA aims to uncover them from the dataset. The
objective of FA is to provide an explanatory model for the observed data by identifying and
describing the underlying structure of the variables. Through dimensionality reduction and
the identification of latent factors, FA helps in understanding the relationships and patterns
present in the dataset, thus facilitating insights into the underlying mechanisms driving
the observed correlations among variables [36]. FA posits that the observed variables are
influenced by both latent factors and unique factors. The latent factors are not directly
observed but are inferred from the correlations among the variables. The latent factors are
interpreted as underlying constructs that contribute to the observed correlations among
variables. These factors are often given meaningful labels based on the variables with
which they are associated. Latent factors can be correlated, allowing for a more flexible
representation of the underlying structure [50].

FA and PCA share similarities in their approach to reducing dimensionality, but FA
introduces the concept of latent factors [19,22]. The relationship between the two lies in their
common goal of reducing the number of variables while retaining important information.

3.3. Out-of-Bag Predictor Importance

OOB predictor importance in the context of RFs is a crucial aspect for understanding
the contribution of each predictor variable to the model’s predictive performance. This
approach provides a robust and internal measure of feature importance [39,40]. OOB
predictor importance measures the contribution of each predictor or feature in the RF
model [41]. It is often computed by permuting the values of a predictor in the OOB samples
and observing the resulting increase in prediction error. The higher the increase, the more
important the predictor is considered [42].

Although PCA, FA, and OOB predictor importance serve different purposes, inte-
grating them can form a comprehensive approach for managing high-dimensional data.
To elaborate, PCA and FA are utilized for feature extraction by means of dimensionality
reduction. Drawing an analogy between the contribution of each original feature to the
captured variance in a principal component and predictor importance in an RF, we incor-
porated OOB predictor importance to pinpoint influential predictors within the specific
model being utilized.

Figure 3 depicts the schematic flowchart diagram illustrating the process of this study.
This study began with data preparation, followed by GIS spatial analysis, specifically
utilizing the spatial join tool to merge the point data with village boundary data, facilitating
the examination of relationships between point features and their spatial context within
villages. Subsequently, eleven factors were established, and dimensionality reduction
techniques, including PCA, FA, and OOB predictor importance, were applied. In this
study, the PCA, FA, and OOB predictor importance were implemented using MATLAB
R2023a by the MathWorks [51]. In particular, PCA and FA were employed to achieve
dimensionality reduction and identify latent variables. These methods, while effective,
rely on linear combinations of variables. Consequently, they may exhibit limitations when
dealing with nonlinear or complex relationships between variables. In response to such
scenarios, the study introduced the OOB predictor importance in the context of RFs. This
nonlinear approach provides valuable insights into the relationships between variables,
particularly in situations where linearity is not sufficient. Finally, the identification of
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factors contributing to human-caused fires was conducted. The ensuing sections will delve
into a comparison and discussion of the obtained results.

Start

A

Step 1 — Preparing geospatial data for the eleven factors

!

Step 2 — Utilizing spatial analysis in GIS (spatial join tool)

!

Step 3 — Establishment of eleven factors

!

Step4 — Using dimensionality reduction techniques
(PCA, FA, and OOB predictor importance)

Y

Step5 — Identification of factors contributing to
human-caused fires

Y

End

Figure 3. The schematic flowchart diagram illustrating the process of this study.

4. Results

This study combines a GIS with dimensionality reduction methods to explore potential
factors contributing to human-caused fires in Keelung City, Taiwan. Eleven datasets related
to potential fire factors are amalgamated in this study. The coordinate system used is
TWD97. The subsequent sections focus on the identification of factors contributing to
human-caused fires and the implications of the identified components.

4.1. Identification of Factors Contributing to Human-Caused Fires

By employing PCA and correlation coefficient matrices, we gained insights into the
relationship between each factor and fire incidents. The correlation coefficients of potential
fire factors with fire are depicted in Figure 4. As shown, Factor 1 denotes the fire density
over the past 10 years and displays positive correlations with other factors. Notably, the
highest correlation, reaching 0.77, is observed between Factor 7 (proportion of buildings
over 40 years old) and Factor 1 (fire density over the past 10 years). The positive corre-
lations observed between fire density over the past 10 years and other factors, such as
the high correlation of 0.77 between Factor 7 (proportion of buildings over 40 years old)
and Factor 1 (fire density over the past 10 years), suggest potential relationships between
these variables. One hypothesis could be that older buildings are more susceptible to
fires due to aging infrastructure, outdated electrical systems, or other factors associated
with older constructions. As buildings age, they may become more prone to fire incidents,
leading to higher fire densities in areas with a greater proportion of older structures [52,53].
This hypothesis implies that the age and condition of buildings play a significant role in
determining the frequency of fire incidents, which could inform urban planning, building
maintenance, and fire prevention strategies [54].
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Figure 4. Correlation coefficients of potential fire factors with fire (red color represents correlation
coefficients greater than 0.7, gray color represents correlation coefficient less than 0.7).

Based on the PCA findings in this study, it is found that a heightened proportion
of buildings aged over 40 years per unit area may contribute to an increased risk of fire
incidents. This is primarily due to various factors associated with aging structures. Older
buildings often showcase outdated electrical systems, deteriorating wiring, and structural
materials, making them more vulnerable to faults and potential fire hazards. Moreover,
the absence of modern fire-resistant materials and technologies in these structures reduces
their ability to withstand or mitigate fire events. The accumulation of these contributing
factors within a defined area, indicated by a higher proportion of older buildings, amplifies
the overall risk of fire incidents in the specified geographical space.

Additionally, noteworthy correlations with an increased frequency of fire incidents
were observed for Factor 11 (proportion of tertiary sectors of the economy) and Factor 3
(proportion of elderly population) at 0.73 and 0.70, respectively. The results indicate that the
“proportion of tertiary sector of the economy” and the “proportion of elderly population”
may also contribute to an elevated risk of fire incidents for distinct reasons [12-14].

Moreover, it appears that the positive correlations observed between fire density
over the past 10 years and factors such as Factor 2 (population density), Factor 6 (building
density), and Factor 10 (proportion of the secondary sector of the economy) can be attributed
to several potential factors. Areas with higher population densities often experience
increased human activity, which may lead to a higher likelihood of fire incidents due
to factors such as cooking, heating, and electrical usage [29]. Higher building densities
can result in a higher concentration of potential fire hazards, such as electrical systems,
heating appliances, and combustible materials, increasing the risk of fire incidents [55]. The
secondary sector, which includes manufacturing and industrial activities, may contribute
to fire risk due to the presence of industrial processes, machinery, and chemicals that can
pose fire hazards [56]. These factors collectively contribute to the positive correlations
observed between fire density and the mentioned variables, indicating that areas with
higher population and building densities, as well as a larger proportion of industrial
activities, are more susceptible to fire incidents.

Figure 5 illustrates the correlation coefficients between each factor. The findings of this
study indicate potential correlations among population, economic, and building-related
variables. The results reveal that population density (Factor 2) exhibits a strong correlation
of 0.95 with the proportion of the population aged 65 and above (Factor 3), suggesting a
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higher proportion of elderly residents in Keelung City. Furthermore, population density
(Factor 2) shows a notable correlation of 0.73 with the proportion of buildings over 40 years
(Factor 7), implying that a majority of Keelung residents reside in aged buildings. Addi-
tionally, the proportion of the tertiary sector of the economy is typically associated with
buildings over 40 years, with a correlation coefficient of 0.73 between the two variables.

1.0

2 Factor |

Factor

Factor4 Factor 3

Factor 11 Factor 10 Factor9 Factor8 Factor7 Factor6 Factor5

L] )
Factor | Factor2 Factor3 Factor4 Factor5 Factor6 Factor7 Factor8 Factor9 Factor 10 Factor 11

Figure 5. Correlation coefficients between each factor.

This study subsequently utilizes OOB predictors to investigate variable importance,
employing predictor importance estimates by permutation of OOB predictor observations
for RF of classification trees. The analysis results are depicted in Figure 6. The findings
indicate that, based on the OOB analysis, the permuted predictor importance of Factor 7
is also the highest among the ten analyzed factors, reaching a score of 0.66. Larger values
indicate predictors that have a greater influence on predictions. In this case, Factor 7
(proportion of buildings over 40 years old) emerges as the most important predictor,
followed by Factor 3 (proportion of elderly population).

If the “proportion of tertiary sector of the economy” increases, it could heighten the
likelihood of fire incidents primarily due to a higher concentration of industrial and service-
related activities. These activities may introduce additional fire hazards, such as machinery
malfunctions, chemical storage, or electrical issues associated with manufacturing and
service operations. Furthermore, an increase in the “proportion of elderly population” may
contribute to an elevated risk of fire incidents. Areas with a higher proportion of elderly
residents may encounter challenges related to fire safety, as this demographic group may
have specific vulnerabilities.

By incorporating a multi-factorial approach, our algorithm employs the PCA and OOB
analyses to recognize crucial components that account for the majority of the variance in
the dataset, facilitating a comprehensive comprehension of human-caused fires.
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Figure 6. Variable importance plot using the OOB predictor (red color represents correlation coeffi-

cients greater than 0.7, gray color represents correlation coefficient less than 0.7).

4.2. Implication of the Identified Components

To examine the weights assigned to each variable in the dataset for each principal
component, we delve into the analysis of component loading in PCA. The PCA component
displays the component loading values, as depicted in Figure 7a. A total of 157 village
datasets are represented by blue dots, with coordinates reflecting the score of each observa-
tion for the two principal components. All eleven variables are represented by red lines,
with the direction and length of each line indicating the contribution of that variable to the
two principal components.
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Figure 7. Biplots: (a) PCA; (b) FA. (blue dots represent the original variables, while red lines represent
the directions and magnitudes of the principal components).
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The primary principal component, aligned along the horizontal axis, demonstrates
positive coefficients for all nine variables, explaining why the vectors representing these
variables point towards the right half of the plot. Notably, Factors 1, 3, 7, and 11 exhibit
the most substantial coefficients in the first principal component, approximately greater
than 0.3, while the component loadings for other factors are less than 0.3. On the vertical
axis, the second principal component showcases positive coefficients for variables such as
Factors 1, 6, 9, 10, and 11, along with negative coefficients for the remaining variables. In
this study, the first principal component (PC1) accounts for 58% of the variance, while the
second principal component (PC2) accounts for 13% of the variance. Together, PC1 and
PC2 explain 71% of the total variance. This means that these two components capture 71%
of the original variability present in the dataset.

This study further explores the correlation of these factors using FA. The FA results,
as shown in Figure 7b, reveal the predicted factor scores obtained through FA. Results
obtained demonstrate that population-related factors are positioned near the second-factor
axis, while building-related factors are closely aligned with the first axis. This enhances
the interpretation of these rotated factors as “quantitative ability” and “qualitative ability”.
Instead of plotting the variables on different sets of rotated axes, an alternative approach
is to overlay the rotated axes onto an unrotated biplot (as depicted in Figure 7b) to gain a
clearer understanding of the relationship between the rotated and unrotated solutions.

The FA results suggest that villages with higher fire density tend to concentrate in
areas with a higher proportion of tertiary sectors of the economy (first quadrants). In
summary, while both PCA and FA are utilized for dimensionality reduction, PCA primarily
focuses on summarizing variance, and its components may lack clear interpretations. On
the other hand, FA aims to provide an explanatory model for observed correlations by
identifying underlying latent factors with meaningful interpretations.

Subsequently, this study performs FA to explore the characteristics of these fire-related
factors. A biplot of the eleven variables on the rotated factors demonstrates the effect
of varimax rotation, as illustrated in Figure 8. Figure 8a indicates that Factors 2 to 5 are
positioned closest to the first factor axis, while Factors 9 to 11 are nearest to the second axis.
These two rotated factors are likely best interpreted as “population-related features” and
“economic-related features”. Figure 8b,c yield similar results, demonstrating the advantages
of FA, which introduces the concept of latent factors. The connection between latent factors
is based on their shared objective of decreasing the number of variables while preserving
significant information.
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Figure 8. Biplots of the population, building and economic-related features on the rotated factors:
(a) population and economic-related features; (b) economic and building-related features; (c) building
and population-related features. (blue dots represent the original variables, while red lines represent
the directions and magnitudes of the factors).

5. Discussion

This study employs dimensionality reduction techniques including PCA, FA, and
OOB predictor importance. Based on the findings of our study, a notable correlation is
evident between human-caused fires in Keelung City and regions characterized by a greater
prevalence of buildings aged over 40 years. After normalization, Factors 7 (proportion
of buildings over 40 years old), 11 (proportion of tertiary sector of the economy), and
3 (proportion of elderly population), which are highly correlated with fires, are overlaid
with the coordinates of historical fire disaster events, as illustrated in Figure 9.

From Figure 9, it is found that these three factors highly correlated with fires show a
positive correlation with historical fire disaster events. Based on the findings of this study,
the following strategies can be recommended to reduce the frequency of fire incidents,
particularly in areas with the highest fire frequency:

(1) Building Safety Upgrades: It is advisable to implement safety upgrade initiatives
in areas characterized by densely populated and aging structures. This involves
renovating electrical systems and maintaining older structures to enhance their fire
resistance [57]. Additionally, prioritizing the inspection of older buildings is essen-
tial. Moreover, utilizing multi-sensor and information fusion technology for early
detection and alarm systems in building fires can also help reduce the risk of fires [58].
Strengthening the monitoring and inspection of older buildings is crucial to ensure
compliance with current fire safety standards and to encourage necessary renovations
and enhancements.

(2) Industrial Oversight: Several research findings indicate that effective fire safety mea-
sures encompass fire-related training, fire evacuation drills, functional fire alarms,
establishment of fire emergency exits and escape plans, and knowledge of fire haz-
ards [59-61]. In areas with a high density of tertiary sector activities, it is recommended
to enforce stricter industrial regulations. This involves ensuring that businesses in
these zones comply with fire prevention and emergency response regulations, thereby
mitigating the risk of fires.

(3) Elderly Population Safety: Risk factors such as reduced mobility, impaired cognitive
ability, mental disorders, and smoking were observed among the elderly [62]. It is
advisable to focus efforts on villages with a higher concentration of elderly residents.
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This includes raising awareness of fire safety, engaging in advocacy initiatives, and
enhancing fire prevention measures in the living environments of the elderly.
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Figure 9. Normalized factors highly correlated with fire incidents: (a) proportion of buildings over
40 years old; (b) proportion of tertiary sector of the economy; (c) proportion of elderly population.

This study recommends the implementation of the three aforementioned strategies,
which may contribute to reducing the frequency of fire incidents and enhancing the overall
fire resilience of the community. In this comprehensive exploration of factors influencing
fire safety, our study addresses crucial elements such as the aging population, buildings
exceeding 40 years, and the role of the tertiary sector in the economy. Building upon
the findings of Karemaker et al. [12], we emphasize the heightened risk that the elderly
population faces concerning domestic fires, highlighting the urgent need for targeted
interventions to mitigate such risks in their homes. As underscored by Laban et al. [13], the
age of the dwelling emerges as a critical factor amplifying the susceptibility to fire hazards.
Their research signals that as houses age, the risk of fire incidents escalates, shedding light
on a nuanced aspect of fire safety that demands attention.

Furthermore, our study delves into the socioeconomic dimension of fire safety, ac-
knowledging the significance of socioeconomic factors as prominent predictors of fire rates
at the neighborhood level [14]. Recognizing the impact of socioeconomic conditions on fire
risks aligns with a growing body of literature emphasizing the complex interplay between
economic factors and safety outcomes [12-14]. By incorporating these insights, our re-
search aims to contribute to a more holistic understanding of the multifaceted determinants
shaping fire safety outcomes within communities.

Through a synthesis of these factors and insights from the existing literature, our
study seeks to provide a nuanced and comprehensive perspective on the interconnections
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between demographic shifts, structural aging, economic dynamics, and fire safety. The
synthesis of these findings not only adds depth to our understanding of fire safety but also
informs targeted strategies and policies aimed at reducing the incidence and impact of fires,
ultimately fostering safer and more resilient communities.

6. Conclusions

In this article, we propose a novel approach for the analysis of human-caused fires
using dimensionality reduction techniques including PCA, FA, and OOB predictor impor-
tance in Keelung city, Taiwan. By analyzing various aspects, valuable insights can be gained
to enhance fire prevention and risk assessment strategies. Key findings are summarized
as follows:

The multifaceted process that incorporates the application of a GIS includes geograph-
ical information about the area for various attribute data, which are digitized and input
into the GIS as layers. We gathered historical fire data from the past 10 years, including the
location, frequency, and type of fires. To investigate human-caused fires using PCA, FA, and
OOB in Keelung City, Taiwan, this study collected ten potential influencing factors related
to fire incidents. These factors encompass considerations such as building density, aging
structures, aging population, and industrial patterns. The results of this study suggest a
strong correlation between human-caused fires in Keelung City and areas characterized by
a high proportion of buildings over 40 years old. Furthermore, significant correlations are
observed, indicating an increased occurrence of fire incidents associated with the proportion
of the tertiary sector of the economy and the proportion of the elderly population.

Based on the findings of this study, the following strategies are recommended to
reduce the frequency of fire incidents, particularly in areas with the highest fire frequency:
building safety upgrades, industrial oversight, and elderly population safety. It is hoped
that the analytical results of this study can serve as a reference for relevant departments in
effectively reducing fire incidents in the future.
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