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Abstract Exploratory Data Analysis (EDA) is one of the spatial analysis methods to obtain the spatial pattern and get a
relationship between the dependent and independent (explanatory) variables. The purpose of this study is to investigate
the prevalence of asthma in Western Australia using EDA and confirmatory data analysis (CDA). Four provided vari-
ables (humidity, annual rainfall, EVI (Enhanced Vegetation Index) and SEIFA (Socio-Economic Indexes)) have been
tested to get the best relationship that underlying the asthma prevalence in Western Australia. The EDA result indicates
that high level of humidity, high level of annual rain, the positive value of EVI and low level of SEIFA index are the main
factors that contribute to the asthma prevalence. However, the result of CDA reveals that only low level of SEIFA that
contributes to the asthma prevalence. The negative value of EVI and low level of annual rain become dominant factors
in the disease.

Keywords: Exploratory Analysis, Spatial Analysis, Asthma, Western Australia.

Abstrak Analisis Data Eksploratori (ADE) merupakan salah satu metode analisis spasial untuk mendapatkan pola spasial
dan hubungan antara variable dependen dan independen. Tujuan penelitian ini adalah untuk meneliti persebaran asma
di Australia Barat menggunakan metode ADE dan analisis data konfirmatori (ADK). Empat variabel (kelembaban, curah
hujan tahunan, EVI (Enhanced Vegetation Index) dan SEIFA (Socio-Economic Indexes)) di uji untuk mendapatkan hubun-
gan yang mendasari persebaran asma. Hasil dari ADE mengindikasikan bahwa tingkat kelembaban yang tinggi, curah
hujan yang tinggi, nilai EVI positif dan nilai SEIFA negative merupakan factor utama pada persebaran asma. Namun,
hasil dari ADK menunjukkan bahwa hanya nilai SEIFA yang rendah yang berkontribusi pada persebaran asma. Nilai EVI

negative dan curah hujan yang rendah merupakan faktor dominan pada persebaran asma.

Kata kunci: Analisis Eksploratori, Analisis Spasial, Asma, Australia Barat

1.Introduction

Asthmaisone of the chronic diseasesin societiesand
the main factors responsible outside the environmental
factors are still not confirmed [Tattersfield, Knox,
Britton, & Hall, 2002]. Asthma is one of the most
common chronic diseases in Australia and becomes a
National Health Priority Area in Australia. Although
the mortality of this disease has fallen by 70% from its
peak in the 1980s, this number is still high compared
with other countries, especially in young people
between 5 — 34 years old [Reddel, Sawyer, & Everett,
201]. Mayo Clinic [2016] assumes that the triggers
of asthma are broad and different from each person.
There are several main causes such as air substances
(pollen, dust mites, mould spores, pet dander, particles
of cockroach waste), respiratory infections such as the
common cold, physical activity, cold air, as well as air
pollutants and irritants [Mayo Clinic, 2016].

There are many studies regarding Asthma
prevalence worldwide. Those studies usually used
common statistical analysis such as multinomial
logistic regression using SAS 9.1 [Black et al., 2011],
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univariate statistics using STATA statistical software
[To et al., 2012], statistical analysis using SPSS and R
[Mainardi et al, 2013], and questionnaire statistical
analysis [Hekking et al., 2015]. The spatial approaches
in the Asthma prevalence are also used widely in many
studies. Those studies used various approaches from the
quite simple methods such as kriging interpolation in
spatial patterns analysis [Gorai, Tchounwou, & Tuluri,
2016], multivariate linear regression and correlation
analysis [Skarkova et al., 2015; Krsti¢, 2011] to the more
complex methods such as structured additive regression
(STAR) model [Chien & Alamgir, 2014], Spearman
correlation coefficient [Anderson et al., 2012], Logistic-
binomial models based on a paired-poison algorithm
and global autocorrelation [Shankardass, Jerrett, Dell,
Foty, & Stieb, 2015] and combination global (Moran’s
I) and Local Indicators of Spatial Association (LISA)
[Crighton, Feng, Gershon, Guan, & To, 2012].

There are studies of Asthma prevalence in Western
Australia that were usually concentrated in the Perth
metropolitan region. However, these studies usually
utilized the common statistical methods such as
ANOVA or Krus- kal-Wallis test [Collison et al., 2011],
with minimum use of spatial approaches and only
for visualization maps purposes, for instance Buffer
analysis in ArcGIS and Conditional logistic regression
[Cook, Devos, Pereira, Jardine, & Weinstein, 2011],
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Bayesian spatial methods [Speldewinde, Cook, Davies,
& Weinstein, 2011], Conditional logistic regression
using SAS [Pereira, De Vos, Cook, & D’Arcy, 2010]
and Conditional logistic regression [Pereira, De Vos, &
Cook, 2009a].

For that reasons, this study is aimed to investigate
the prevalence of asthma in Western Australia and
identify the primary causal factors that related to that
prevalence using exploratory spatial data analysis
approach. The explanatory data analysis is not a
complicated method to investigate the patterns and
factors that are underlying this disease. Thus, it can
complement the existing studies regarding Asthma
prevalence in Western Australia in particular.

2.The Methods

The data that was used in this study was provided
by Department of Spatial Sciences, Curtin University,
Western Australia. The data in shape files contains
the feature of suburbs in Western Australia. The data
contains several factors that are related with asthma
such as the number and percentage of people infected by
asthma, the cars, buses and heavy vehicles information,
some particles in atmosphere (CO, NO2, O3, SO2,
PM10, PM 2.5), Enhanced Vegetation Index (EVI),
annual rain, humidity and Socio-Economic Indexes for
Areas (SEIFA). However, this study only uses four main
factors (humidity, annual rain, enhanced vegetation
index (EVI) and Socio-Economic Indexes for Areas
(SEIFA).

Many studies reveal that humidity over 50 per
cent can lead to a higher incidence of asthma since the
humid air is denser and harder to breathe and humid
air harbors fungus, moulds and dust mites that trigger
asthma [Bottrell, 2011]. The humidity levels above 80%
are also dangerous for asthmatic patients since the
humid air can reduce the number of negative ions in the
air that generally ease the process of breathing [Perry,
2017].

The heavy rain can burst the pollen particles become
which much smaller and can be dispersed by wind over
quite a distance. These small particles can quickly enter
the airways of small children and can cause an acute
asthma attack in those who react to pollen [Australia
Wide First Aid, 2018].

The enhanced vegetation index (EVI) is an index
that represents the level of vegetation density as the
product of Terra and Aqua Moderate Resolution
Imaging Spectroradiometers (MODIS) [Jiang & Huete,
2008]. EVI will return with positive values that represent
the health vegetation (the more higher numbers
indicate the healthier vegetation and negative values
indicate a lack of vegetation such as water, rock, and soil
[Davinci.asu.edu, 2013]. Vegetation is vital regarding
producing pollen since the time of pollinations depend
on the flowering and growth of plants. This pollen can
expose the susceptive people with allergic diseases such
as asthma [Kececi, 2017].
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Socio-Economic Indexes for Areas (SEIFA) is a
number described as the level of the socio-economic
index in an area. The baseline index is designed in
1,000, which the score above 1,000 indicates an area of
socio-economic advantage and the score below 1,000
indicates an area of socio-economic disadvantage. In
addition, the lower SEIFA also correlates with lower
health status and high-risk factors of mortality [Health
Service, 2016]. Cunningham [2010] found that Asthma
diagnoses were reported more in Indigenous people
than non-Indigenous people in Australia (in the age
group 18 - 64 years) since these Indigenous people
tend to experience more in racism, and discrimination,
marginalization and dispossession, chronic stress and
exposure to violence. The study in Perth city area also
showed that the geographic variability in risk of Asthma
distribution is not fully represented by socio-economic
disadvantage [Pereira, Vos, & Cook, n.d.].

Exploratory data analysis is aimed to detect the
pattern in spatial data by using graphical views of the
data, highlight meaningful clusters of observations,
unusual observations, or relationship between variables
and it can be used to develop hypotheses [Pisati, 2012].
The tools can use the description of each variable,
choropleth maps, correlation graphs and matrix graphs.
The flow chart of the study can be seen in figure 1.

Maps are an important tool for displaying the
spatial data for exploratory analysis purpose since maps
can help to detect the patterns of the data and spatial
relationship between phenomena [Pisati, 2012]. In this
study, the asthma percentage variable was chosen as the
primary variable and find the correlation with other
variables. There are several regions that contain zero
value of asthma and these regions were not included
in the analysis. The asthma percentage was displayed
in the map using ArcGIS 10.5 by classified it into three
classes, low asthma percentage (< 8%), medium asthma
percentage (8 - 10 %) and high asthma percentage (>
10%).

The other variables were also visualized in the map
using ArcGIS into three classes. The humidity was
classified using Equal Interval into three categories: low
humidity (<51%), medium humidity (51 - 63 %) and
high humidity (>63%). The annual rain was classified
using Equal Interval into three categories: low rain
(<536 mm), medium rain (536 - 826 mm) and high
rain (>826 mm). The SEIFA was classified using Equal
Interval into two categories: low SEIFA (<1000) and
high SEIFA (>1000). The EVI was classified into two
categories: positive EVI and negative EVI. The summary
of the classification process can be seen in table 1.

The proportion of each asthma percentage from
the entire population then was calculated and the
autocorrelation was performed to get the correlation
between the asthma percentage and other variables.
The spatial pattern shows the distribution of the data
using choropleth maps. In this regard, the high asthma
percentage was chosen as the main variable and then
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Figure 1. Flow-chart of Exploratory Data Analysis

Table 1. Asthma Percentage Variable

Layer Class Values Description
Asthma percentage 1 < 8% low asthma
2 8-10% medium asthma
3 > 10% high asthma
Humidity 1 <51% low humidity
2 51-63% medium humidity
3 >63% high humidity
Annual rain 1 <536 mm low rain
2 536 - 826 mm medium rain
3 >826 mm high rain
SEIFA 1 <1000 low SEIFA
2 >1000 high SEIFA
EVI 1 <0 positive EVI
2 >0 negative EVI

was compared to the other variables. The correlation of
each distribution variable that has been chosen then was
evaluated and overlaid with the main variable to get the
most influential factor causing asthma. The correlation
was examined using Locally Weighted Scatterplot
(LOESS) smoothing tool in the PAST software. The
descriptive statistical analysis was conducted to get the
more precise result. The result of this correlation then
was used to build the hypothesis.

In order to examine the spatial pattern and spatial
autocorrelation, the global and local autocorrelation
were performed. There are two types of spatial
autocorrelation: global spatial autocorrelation (Global
Moran’s I statistics) and local spatial autocorrelation
(Anselins local Morans I (LISA)). The Moran’s I will
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have a value between -1 (dispersed) to 1 (clustered)
and also the larger the Z-score than 1.96 or less than
-1.96 will show a significant value at the 95% confidence
level [Gérniak, 2016; Song et al., 2014]. The area with
positive spatial autocorrelation will show a cluster of
similar phenomena and negative spatial autocorrelation
will depict a cluster of different phenomena [Rousta,
Doostkamian, Haghighi, Ghafarian Malamiri, &
Yarahmadi, 2017]. In addition, the hot spot location
with significant statistic will have high values with its
surroundings (High-high or Low-low values) [Zhou et
al., 2017].

Confirmatory Spatial Data Analysis is the
quantitative processes of modelling, estimation
and validation necessary for the analysis of spatial
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components and it is aimed to find a good correlation
between predicted (hypothesis) and observed values
[Lopes, Sao-carlense, Carlos, & Sdo-carlense, 2007].
The weighted mean maps can also be used to confirm
the proximity of each influence variables since it shows
the mean value of each variable that is already weighted
by the high majority values. In the confirmatory
analysis, the high asthma percentage region (>10%)
was used to get the most significant influence of other
major factors in this region. Thus, that region subset
was classified and separated from other regions. The
analysis was conducted by intersecting the high
asthma percentage with other variables and calculates
the area of intersection (overlay) to get the proportion
of each variable to the high asthma percentage. In
addition, the weighted analysis was performed to get
the concentration location of high asthma with other
variables. The weighted analysis is usually used to
measure the spatial characteristic of features when
they are weighted by a variable [ArcMap, 2017]. In this
study, the high asthma region was weighted with each
of the variables and displays the result in a map.

The Grouping Analysis tool in ArcGIS was used to
identify distinct groups of areas based on the relation
between asthma percentage and each of the explanatory
variables. This tool has a purpose to classify and to
cluster the areas based on specified attributes and
similar statistics using their spatial distribution and
the combined indexes [Delclos-ali6, Miralles-guasch,
& Jacobs, 2018; Ronchi, Salata, Arcidiacono, & Ronchi,
2018]. This tool uses K-Means algorithm to partition
areas into groups based on the chosen variable,
reclassify the values in iterations and when the groups
are stable, then it will create group similarity and group
differences [Delclos-alié, Miralles-guasch, & Jacobs,
2018; Lomba et al., 2017]. In addition, Venkatramanan,
Chung, Rajesh, & Lee [2015] explained that this tool
examines the divisor of the groups using the Calinski-
Harabasz pseudo F-statistic that shows group similarity
and between-group differences. In this study, the non-
spatial constraints were used for the calculation since
the purpose is to get the statistical differences of the
variable without considering the spatial contiguous lag.
The variables were assigned into three groups of regions
that show the relationship between high, medium and
low asthma percentages with each of the variable.

3.Result and Discusion

The distribution of asthma percentage in Western
Australia can be seen in figure 2(a) and can be noticed
that the distribution of high asthma percentage spread
in the south part of Western Australia. There are several
huge regions that contain zero number percentage of
asthma (green colour) where then were excluded in the
analysis. The high percentage asthma regions occupied
64.8% of the total region (exclude the zero number),
only 28% of regions contain medium percentage of
asthma and the low percentage asthma regions existed

in 7.1% from the entire region. Those calculations
were conducted by neglecting the 0% asthma regions.
Perth city itself only contains medium level of
asthma percentage. Although it was believed that the
proportion of cars, buses and heavy vehicles are high in
this city, it seems that those variables are not the main
causal factors in the asthma prevalence.

It can be seen from the figure 2(c) that over 70%
of Western Australia regions have low annual rain and
the high annual rain only occupied 10% of the total
region and located in the northern and southern part
of Western Australia. Almost of 85% from the total
area in Western Australia have negative EVI and the
positive EVI areas are only located in the northwest
and south part of Western Australia with only 15% of
the total area (figure 2(e)). In addition, figure 2(f) also
depicts that over 80% of the Western Australia regions
have low SEIFA index (less than 1000). Figure 2(c) and
(d) show an interesting similarity. The high annual
rain occurred in the north and south part of Western
Australia, where these locations have medium to high
humidity. Although the areas with high humidity level
are located in the southwest of Western Australia
(figure 2(d)), these areas contain negative and positive
EVI (figure 2(e)).

It can be seen from the table 2 that the humidity
level® in the region is medium-high with the average
is 62.2%. The annual rain considerably varied from
246.77 mm to 1116.06 mm per year, but since the
median is 444.47 mm and less than the average value
(540.61 mm), it means that the majority of the regions
have low annual rain. In general, the regions contain
less of vegetation density since the EVI index shows
that the mean and median are below 0 (-0.003139
mm and -0.0031311 mm respectively). In addition,
generally, the regions in Western Australia can be
categorized in disadvantage region since the mean
and median of the SEIFA index are 981.54 and 991.15
respectively and these values are below the minimum
criteria of advantage region (should be >1000).

The relationships between the dependent variable
(Asthma Percentage) and all of the explanatory
variables also can be obtained using Locally Weighted
Smoothing (LOESS). The result of LOESS shows the
relationship of explanatory variables with the asthma
percentage in a scatterplot graph (figure 3). The
correlation between asthma percentage and other
explanatory variables revealed that in general all of the
variables have a positive relationship with the asthma
percentage (figure 3). While the annual rain and EVI
show a robust positive relation until a particular point
and then decrease, the humidity and SEIFA indicate
a gradual increase, followed by a stable trend, and
finally increases with a strong positive trend. The
global Moran’s I autocorrelation of all variables were
calculated using ArcGIS and the result can be seen in
the table 3.
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Figure 2. (a) Map of Asthma Percentage, (b) Hot-Spot Map of Asthma Percentage, (c) Map of Annual Rain Dis-
tribution, (d) Map of Humidity Distribution, (e) Map of EVI Distribution, (f) Map of SEIFA Distribution.

Table 2. The Summary of Descriptive Analysis

Measures Variables
Asthma Percentage (%) Humidity (%) Annual Rain (mm) EVI SEIFA
Mean 9.973 62.803 540.609 -0.00314 981.543

Median

Max

Min

Sum

Std Deviation

10.356
12.477
5.744
1107.019
1.454

65.020
75.572
38.730
8666.858
8.404

444.470
1116.060
246.777
74604.071
227.652

-0.00313
0.01025
-0.02109
-0.43322
0.00474

991.150
1126.490
597.616
135452.977
85.802
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Table 3. Moran’s I autocorrelation result

Variable Moran's I Z-value P-value Interpretation
Asthma Percentage 0.395 15.681 0 Clustered
Annual Rain 0.350 13.881 0 Clustered
Humidity 0.552 22.207 0 Clustered
EVI 0.230 9.372 0 Clustered
SEIFA 0.314 12.589 0 Clustered
126 - 1264
- -
123 1 . 123 .
120 .’ 120 . . o
= 11.7 4 s .. // 5 11.7 3 - ..
114 ., H ﬁ\’ PIRTPE O LA
é 114 - //; * EE 114 ** — . B
= 1084 ,;J"m!f’é .. = 108 1"‘_‘( . ¢ "
105 » ot s * wsf % e . *
102 % . *" 1021 ..' -
L] L]
gg L T T T T T T T T T T gg A T T T T T T T T
51 54 57 60 63 66 69 72 75 78 300 400 500 600 700 800 900 1000
Humidity Ann_Rain
(a) (b)
126 4 . 126 .
123 4 - 123+ -
1204 o " 1204 d -
- 1174 - g 17 . %
S 114 .,oﬂ:. LI Z 1144 . " ;: e® s °*
£ 1114 o2 £ 11 cet ~
2 105 4 . ﬁ'.o e < 054 #T * o Lot
. . . - . - .
10.5 4 —a & 10.5 o -e : .
102 4 * &S bl 1024 e ¢ ¢ *
9-9 T * 99 A T T T T : T T T T
003-0.005 0015 -0.005 0 0.005 0015 900 925 950 975 1000 1025 1050 1075
EVl SEIFA_2011
(<) (d)

Figure 3. Scatter plot of Asthma percentage in LOESS with the explanatory variables
(a) Humidity, (b) Annual rain, (c) EVI, (d) SEIFA 2011

The result of spatial autocorrelation Moran’s I shows
that all variables indicate a robust global clustering. This
result also confirms the choropleth maps in figure 2 that
all of the variables have a cluster pattern. The hotspot
map of the asthma percentage (figure 2(b)) depicts that
the high-high (hotspot) values of the asthma is located
in the south part of the region and has high-low and
low-high values in the surrounding areas. The hotspot
area also has a similar value of the choropleth map of
asthma percentage (figure 2(a)). It means that those
areas need to be investigated further related to other
explanatory variables in the confirmatory analysis.
From those results, it can be concluded as a hypothesis
that the main factors that influence of asthma prevalence
are the high level of humidity, high level of annual rain,
the positive value of EVI and low level of SEIFA index.

The map of the high asthma percentage region
before and after classification can be seen in figure 5 (a)
and (b). The figure 5 show maps as a result from the
intersection of each variable and depict the distribution
of variables in particular area, which is the high
percentage asthma regions. The detail of each portion
variable can be seen in table 4.

Table 4. Proportion of Each Variable in High Asthma
Percentage Region

Variables Percentage (%)
SEIFA low 79.73
SEIFA high 20.27
EVI plus 20.03
EVI minus 79.97
Rain low 88.14
Rain medium 6.25
Rain high 5.61
Humidity medium 53.44
Humidity high 46.56

The correlations between the dependent variable
(Asthma Percentage) and each of explanatory variable
are essential and have been discussed previously. The
correlation among each explanatory variable also can
reveal the relation among these variables, particularly
between humidity, annual rain and EVI since these
variables are related with natural phenomenon and
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Figure 5. (a) Map of Asthma Percentage before classification, (b) Map of High Asthma Percentage after classifi-
cation, (¢) Map of Humidity in High Asthma Region, (d) Map of Annual Rain in High Asthma Region, (e) Map
of EVI in High Asthma Region, (f) Map of SEIFA 2011 in High Asthma Region
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possibly are related to each other. The correlation
between each variable in the region can be seen using
the scatterplot matrix graph and can be seen in figure 4.

Figure 4 depicts the correlation between humidity
and annual rain also EVI. It can be seen that those three
variables have positive correlation, although positive
EVI and high annual rain only contribute to less effect
to the asthma prevalence.

The result of grouping and weighting analysis can
be seen in figure 6. It can be noticed that location of
weighted mean values from each of the variables are
closed to each other (with only EVI location that is
separated 124 km from the other locations). This result
shows that all of the variables are connected and give
the strong correlation to the high percentage of asthma.

The maps of grouping analysis (figure 6) depict
that the areas with high asthma percentage and high
variables (humidity, annual rain, EVI) and low SEIFA
variable and show the more obvious impacts of the areas
where the explanatory variables contribute significantly
more than in the previous map of intersection variables
within the high asthma areas. Those maps have a
similar pattern to each other and the most risky areas
are located in the west south and central south of the
region (figure 6). Those areas also experienced the
most definite influence of the contributing factors. In
addition, the overlay locations of the weighted mean
of each variable (figure 6(f)) show that although those
locations are located close to each other, those locations
are located outside the most risky areas of asthma.

This study investigates the underlying factors
of the prevalence of asthma in Western Australia
using exploratory data analysis. The visualization
and correlation analysis showed that the high level of
humidity, high level of annual rain, the positive value
of EVI and low level of SEIFA index contributes to
the asthma prevalence in Western Australia. The 2011
SEIFA survey showed that the Goldfields region in WA
where has an average SEIFA score 826.4 (low SEIFA)
reported 10% of Asthma diagnosis [Health Service,
2016], the Pilbara region in WA where has an average
SEIFA score 1,028 (high SEIFA) reported had only 8.8%
of asthma diagnosis [Health Service, 2015a] and the
Wheatbelt region in WA where has an average score
of 925.8 (low SEIFA) reported had 10% of asthma
diagnosis [Health Service, 2015b]. Those facts show
that the low SEIFA has a correlation with the higher
percentage of asthma diagnosis.

The comparison of each variable in the high
asthma percentage and low asthma percentage can be
used to find the key variable to reduce the prevalence
of asthma. Both regions (low asthma percentage and
high asthma percentage) have a low level of annual
rain, which means that rain is not the primary factor in
asthma prevalence. However, the significant differences
between these two regions are the low asthma regions
have a more significant proportion of positive EVI and
low humidity percentage than the high asthma regions.

104

It is noticed that in the low asthma regions there is no
region that has low SEIFA index, compared with the
high asthma regions that have 79.73% of low SEIFA
index. It means that the low SEIFA index has a high
correlation with the asthma prevalence.

Based on the data analysis, the three main factors
that can lead to a low percentage of asthma in the
regions are the positive index of EVI, low humidity
and high SEIFA index. It can be seen that the humidity
(both high and medium) has almost equal proportion
in the region (46.56% and 53.44% respectively). It
means that the high percentage of asthma regions
are influenced by more 57% humidity. The negative
regions of EVI give more influence than the positive
regions with 79.97% and 20.03% respectively. This fact
has an inverse relationship with the hypothesis, which
states that positive regions of EVI will give the higher
influence to asthma. In contrast, the only small portion
of high annual rain regions (5.61%) where are located in
the high asthma percentage regions and the low annual
rain dominated the high asthma regions (88.14%). This
result also does not confirm the hypothesis (the high
level of annual rain will give more effect to asthma).
In addition, 79.73% of the high asthma percentage
was dominated by the low index of SEIFA and only
20.27% that contains the high index of SEIFA. This
result confirmed the hypothesis that the lower SEIFA
correlates with lower health status and high-risk factors
of mortality. Erdman et al. [2015] suggested that the
evergreen vegetation plantation in an urban area could
reduce the number of asthma cases in the older adults.
Andrusaityte et al. [2016] also explained that the
insignificantly increased risk of asthma in young people
was caused by the green vegetation in the environment.
In addition, another key in managing and relieving
asthma symptoms is by controlling the humidity levels
[Compact Appliance, 2015]. Koster [2016] explained
that humidity that can trigger dust mites and mound,
which is one of the leading causes of asthma, could be
controlled by using equipment such as refrigerated air
conditioners, dehumidifiers and humidifiers. Regarding
SEIFA index, the high percentage of asthma regions
have a low SEIFA index, means that those regions are
more disadvantage (poverty) than the regions that have
high a SEIFA index. Jones, Lawson, Robson, Buchanan,
& Aldrich [2004] argue that poverty as one of the factors
that can increase asthma prevalence and worse results
since it can lead to the lack of health-care access and
management. For that reasons, the policies regarding
green plantation, controlling humidity and increasing
the SEIFA index need to be initiated by the government.

Although the grouping analysis shows a different
pattern with the weighted analysis, however, it seems
that the result of grouping analysis is more reliable than
the latter method. The result of grouping analysis reveals
that the areas where have the high asthma percentage
and were influenced significantly by the explanatory
variables are located in the west south and central south
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Figure 6. (a) Map of Grouping Analysis of Humidity, (b) Map of Grouping Analysis of Annual Rain, (c) Map
of Grouping Analysis of EVI, (d) Map of Grouping Analysis of SEIFA, (e) Map of Potential Risk Areas, (f)
Map of Weighted Mean Variables

of Western Australia.

In this study, the Perth City as a metropolitan
and major urban centre of WA has a medium of
asthma percentage (8 - 10 %). However, considering
that the city only has a small proportion of the entire
WA region, it can be assumed that the Perth City also
experienced a significant prevalence of asthma. Pereira,
De Vos, & Cook [2009b] noticed that the SEIFA and air
pollution were two significant factors in the increasing
amount of asthma in the Perth region. Pereira, De Vos,
& Cook [2009b] found that the higher Socio-Economic

Status (SES) experienced more asthma cases and they
argued that the low SEIFA regions be associated with
the less risk of asthma. These results contradict with the
result of this study and need a further investigation. In
addition, Pereira et al. [2010] found that air pollution
such as O3, PM10, NO2 and CO were associated with
the asthma prevalence in the Perth region during the
2002 to 2009 period. Finally, although the explanatory
spatial data analysis can be a useful method to reveal
the pattern and underlying factors of asthma, the
regression analysis needs to be conducted in the further
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study to get the significance of those factors in the
asthma prevalence.

4.Conclusion

The study tries to investigate the significant causal
factors of asthma prevalence in Western Australia using
spatial analysis approach. Many provided variables have
been tested to get the best correlation with the asthma
percentage variable and four variables (humidity, annual
rainfall, EVI and SEIFA) were chosen and tested with
high asthma percentage variable. The exploratory data
analysis including data visualization using choropleth
maps, correlation analysis, Morans I spatial pattern
analysis and hotspot analysis have been conducted to
get the hypothesis of the factors that contribute to the
asthma prevalence. The hypothesis as the first guidance
of the analysis has been concluded with the high level of
humidity, high level of annual rain, the positive value of
EVI and low level of SEIFA index are the main factors
that influence of asthma prevalence. The confirmatory
data analysis uses maps intersect, grouping analysis
and weighted analysis. The result of grouping analysis
reveals that the most risky areas of asthma are located in
the west south and central south of Western Australia.
The low SEIFA has a strong correlation with the higher
percentage of asthma diagnosis. Although humidity did
not contribute significantly to the asthma prevalence,
the negative regions of EVI and low annual rain give
more influence to the disease. These results reject the
hypothesis and indicate the need of further study to
explain that.
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