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Abstract The spatial distribution of the prevalence of
asthma and chronic obstructive pulmonary disease
(COPD) remains under the influence of a wide array of
environmental, climatic, and socioeconomic determi-
nants. However, a large proportion of these influences
remain unexplained. In completion, this study examined
the spatial associations between asthma/COPD morbidity
and their determinants using ordinary least squares
(OLS) and geographically weighted regressions
(GWR). Inpatient records collected from the secondary
and tertiary care hospitals in Kandy from 2010 to 2014
were considered as the dependent variable. Potential risk
factors (explanatory variables) were identified in four
distinguished classes: 1) meteorological factors, (2) direct
and indirect factors of air pollution, (3) socioeconomic
factors, and (4) characteristics of the physical environ-
ment. All possible combinations of candidate explanato-
ry variables were evaluated through an exploratory re-
gression. A comparison between the regression models
was also explored. The best OLS regression models
revealed about 55% of asthma variation and 62% of
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COPD variation while GWR models yielded 78% and
74% of the variation of asthma and COPD occurrences
respectively. Relative humidity, proximity to roads (0—
200 m), road density, use of firewood as a source of fuel,
and elevation play a vital role in predicting morbidity
from asthma and COPD. Both local and global regres-
sion models are important in assessing spatial relation-
ships of asthma and COPD. However, the local models
exhibit a better prediction capability for assessing non-
stationary relationships of asthma and COPD than global
models. The geostatistical aspects used in this study may
also provide insights for evaluating heterogeneous envi-
ronmental risk factors in other epidemiological studies
across different spatial settings.

Keywords Asthma- COPD - Spatial determinants -
Ordinary least square regression - Geographically
weighted regression

Introduction

Chronic respiratory diseases (CRD), essentially asthma
and chronic obstructive pulmonary disease (COPD), are
influenced by a wide array of environmental, climatic,
and socioeconomic factors (Abramson et al. 2015;
Burney 2017). Epidemiological studies have convinc-
ingly explained the association between CRD morbidity
and different individual levels risk factors such as par-
ticulate matter (PM,(), temperature, and poverty. For
example, an elevated rate of CRD symptoms, medica-
tion use, and hospitalization was found among
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communities with higher concentrations of PM;, and
other ambient air pollutants (Schwartz et al. 1993;
Burnett et al. 1994; Van Vliet et al. 1997; Xiong et al.
2015). Moreover, socioeconomic status (SES) measured
with lower levels of education and income has shown a
positive association with morbidity and mortality of
respiratory diseases (Prescott and Vestbo 1999; Bacon
et al. 2009; Burney 2017; Keet et al. 2017). Further,
epidemiological studies have linked bioclimatic factors
such as humidity and temperature to respiratory health
(Donaldson et al. 1999; Villeneuve et al. 2005; Mireku
etal. 2009; Ding et al. 2017). Most of these studies have
examined the association between CRD and individual
risk factors using bivariate regression. However, these
risk factors are inextricably linked together to affect the
respiratory health of communities. Therefore, consider-
able inconsistencies are yet to be explained in terms of
CRD surveillance at the local level.

A growing body of literature confirms the intercon-
nected association of CRDs and their risk factors. For
example, Wheeler and Ben-Shlomo examined the
linked relationship between air quality, SES, and respi-
ratory health using a non-spatial ordinary least squares
regression model (Wheeler and Ben-Shlomo 2005).
Similarly, the impact of air pollutants, meteorological
variables, and thermal comfort indices on respiratory
morbidity has quantified using the Poisson regression
model (de Sousa Zanotti Stagliorio Coélho et al. 2010).
Although the techniques utilized in such studies have
some capability to assess the relationship of multifacto-
rial determinants in a population, they are not able to
assess the relationship in a spatial context. Thus, these
techniques are adequate to assess spatial aspects such as
dependency and non-stationarity, and multi-collinearity
of the variables is questionable. According to Wong
et al., multi-collinearity is an issue of two or more differ-
ent risk factors being highly correlated with one another,
especially in a multi-pollutant model (Wong et al. 1999).
Moreover, socioeconomic variables often exhibit proper-
ties of spatial dependency when similar variables are
measured at locations within a close proximity (Park
and Kim 2014). Further, spatial and aspatial data have
unique properties; thus, different statistical methods de-
veloped for aspatial data are not effective to assess spa-
tially related phenomena (Fotheringham et al. 2003).

The association between multifactorial determinants
and respiratory health is a spatial problem by its very
nature (Scherber et al. 2014; So and Lai 2007). More-
over, the burden of CRD varies by space and time in
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response to spatiotemporal variation of their determi-
nants (Yin et al. 2016). Thus, CRD surveillance should
consider all these aspects.

The term “disease surveillance” generally refers to
the process of systematic collecting, organizing, analyz-
ing, interpreting, and presenting of health-related data
and risk factors for health planning and evaluation
(Berkelman et al. 2009; Choi 2012). Disease surveil-
lance provides a platform for policy makers to under-
stand the prevalence of diseases and risk factors better.
In order to develop a proper surveillance strategy, there
should have a broad approach that integrates multifac-
torial determinants in terms of space and time. However,
spatially and temporally integrated CRD risk factor
assessments are often limited in the literature due to
methodological issues and lack of data (Corvalan et al.
1997; Cruz et al. 2007).

The scarcity and rudimentary nature of communal
spatial data on disease exposure and their determinants
are one of the major barriers to such research in most
developing countries (Cruz et al. 2007; Ait-Khaled et al.
2001; Mortimer et al. 2015). Data on CRD and risk
factors are reported for less than 25% of the world’s
population and are mostly from high income countries
(Cruz et al. 2007). Data on respiratory disease risk
factors and burden are often incomplete, fragmented in
many countries, and only available as country-wide
aggregated data (national level data) (Cruz et al. 2007).
Therefore, the resolution of the data is too coarse to do
an accurate analysis (Tonne et al. 2017, Comber et al.
2011). In the case of Sri Lanka, mortality and morbidity
data are aggregated into second-level administrative
units known as districts. Local variations in health sta-
tistics, therefore, remain unknown. This type of statisti-
cal bias due to spatial aggregation is generally known as
a modifiable areal unit problem (MAUP) (Openshaw
1984). Geocoding capabilities of geographic informa-
tion systems (GIS) allow derivation of more detailed,
precise, and flexible spatial data from aspatial health
information systems (Rushton et al. 2007). Such de-
tailed finer resolution spatial data on disease empowers
different spatial analysis such as recording disease inci-
dence in relation to pollution sources (Rushton et al.
2007). Combining spatially incompatible disease data
received from a variety of sources and scales is a chal-
lenge in CRD surveillance. However, GIS provides
capabilities to combine spatially disparate data
(Crawford and Young 2004). Ad hoc methods such as
union, intersection, and zonal-averaging are extensively
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used data integration methods in GIS (Devries et al.
2016). Although such GIS capabilities facilitate ad-
dressing such problems, spatial epidemiological studies
on CRD are still limited in some countries due to the
lack of expertise (Cruz et al. 2007).

Rapidly growing geostatistical analytical capabilities
of GIS are widely used in health and other social sci-
ences to overcome aforesaid methodological issues
(Robertson and Nelson 2010). Further, GIS facilitates
examining of the spatial association among risk factors
and disease (Jerrett et al. 2010). The available literature
on CRDs shows how GIS capabilities assist in under-
standing spatial patterns underlying the relationship be-
tween CRDs and their risk factors. Many studies have
used GIS techniques such as inverse distance weighting
(IDW), or Kriging for analyzing and mapping the asso-
ciation between exposures to air pollution (Gorai et al.
2014; Peled et al. 2006). A study done in China explores
the utility of geocoding capabilities, Kriging interpola-
tion technique, and Global Moran’s I to investigate the
spatial association between air pollution and COPD
hospitalization (Wang et al. 2015).

Ordinary least squares (OLS) is one of the most
widely recognized regression analysis methods that
can be used in epidemiological studies (Ahmad et al.
2015). The underlying assumption of OLS method is
that the relationship between the predictors and the
dependent variable is stationary across space
(Bascufian and Quezada 2016). Thus, OLS computes a
single regression statistic for all spatial entities in a
global model. Moreover, it is considered as a good
starting point for spatial regression analysis (Scott and
Janikas 2010). Miller in 2012 endorsed that OLS meth-
od can be used to assess spatially non heterogeneous
relationships (Kala et al. 2017). However, in the real
world, the relationship between variables might show
spatial heterogeneity. In such cases, global regression
methods may provide inaccurate predictions (Nkeki and
Osirike 2013).

In contrast, geographically weighted regression
(GWR) is a local regression method that explores spatial
heterogeneity of the relationship (Fotheringham et al.
2003; Matthews and Yang 2012; Comber et al. 2011).
GWR provides a platform to assess spatial relationship
across spatial entities and yields multiple regression
statistics for each spatial entity in the analysis. GIS
provides an effective platform to accomplish both global
and local spatial analysis; thus, the use of these methods
in public health and epidemiological studies has

increased dramatically. Further, empirical literature has
shown that both global and local regression methods
have been applied in risk factor analysis for diseases
including malaria (Kala et al. 2017), cholera (Nkeki and
Osirike 2013), leishmaniasis (Ali-Akbarpour et al.
2012), tuberculosis (Wubuli et al. 2015), and diabetes
(Wubuli et al. 2015). Most of these studies emphasize
that the GWR method exhibits a better fit compared
with the OLS method in assessing the spatially varied
relationship of diseases.

In the light of the above facts, this study investigates
the spatial associations that exist between morbidity due
to CRD and its socioeconomic and environmental de-
terminants in Kandy, Sri Lanka. A range of geospatial
analytical capabilities of GIS were utilized to bring
spatial and aspatial data into a common platform. Both
local and global regression models were employed in
the relationship assessment and compared with the
modeling results in order to find the best fit.

Materials and methods
Research design

This is a retrospective ecological study design, which is
primarily based on the inpatient records of public health
care institutions in Kandy district in Sri Lanka. Aggre-
gated data was provided at Grama Niladari Division
level (GND)! which enabled a detailed examination of
factors influencing disease incidence rates (Fig. 1). The
respiratory disease incidence data in the study area
covering the period between 1 January 2010 and 31
December 2014 were considered as the dependent var-
iable. Based on the literature review, potential explana-
tory variables of CRDs were identified in four distin-
guished classes: (1) meteorological factors, including
rainfall, relative humidity, and temperature; (2) direct
and indirect factors of air pollution, including particulate
matter with mean aerodynamic diameter 10 pm or less
(PM; ), carbon monoxide (CO), sulfur dioxide (SO,),
nitrogen dioxide (NO,), road density, proximity to road,
and firewood as a source of fuel; (3) socioeconomic

' Sri Lanka is divided into nine provinces, which are further
subdivided into 25 districts. Districts are further subdivided into divi-
sional secretariat divisions (DSD). Each DSD is divided into Grama
Niladhari divisions. A Grama Niladari division is a fourth-level subdi-
vision in the country, so they are the lowest-level administrative units in
the country.
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Fig. 1 Location map of the study area, Kandy district, Sri Lanka.
Legend: The map shows the location of Kandy district in the
regional and national context, Grama Niladari division boundaries,
locations of hospitals, and air quality sampling sites. Kandy district

factors, including level of education and income; and
finally (4) characteristics of the physical environment,
including topography and type of land cover. Analytical
capabilities of ArcGIS 10.3.1 (Desktop 2011), GeoDa
1.6.7 (Anselin and Rey 2005), and SPSS 16.0 (Released
2007) were utilized in data preparation and analysis. The
overall methodology of the study is summarized in
Fig. 2.

Data preparation

Respiratory incidence data The indoor morbidity and
mortality record (IMMR) system is the sole source of
morbidity data in Sri Lanka (Gamage 2004;
Kariyawasam et al. 2011). The IMMR keeps daily
inpatient records of public sector health care institu-
tions (Gamage 2004). Kandy district has 52 different
public health care institutions including four teaching
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is one of the 25 different second-level administrative divisions of
Sri Lanka. The extent of the district is about 1940.3 km?. Accord-
ingly to the administrative structure of the country, the district has
divided to 1188 lowest-level units called Grama Niladari divisions.

hospitals, one base hospital, 14 district hospitals, 27
rural hospitals, and six peripheral units as shown in
Fig. 1. The rural hospitals and peripheral units are
primary health care institutions; therefore, they were
not considered in the study. Four district level hospi-
tals, namely, Dolosbage, Ankumbura, Modolkele,
and Ududumbara (Fig. 1), do not have completed
IMMR for the study period. Therefore, daily inpa-
tient records of asthma (International Classification
of Disease J45) and COPD (International Classifica-
tion of Disease J44) were collected from the remain-
ing hospitals (in total 15) in Kandy district for 5
consecutive years from 2010. Based on the patients’
addresses, CRD inpatient records were geocoded to a
relatively good matching rate (76%) and positional
accuracy (90% of the addresses geocoded to within
300 m of their true location). Subsequently, the
geocoded CRD records were aggregated into GNDs
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Fig. 2 The stochastic predictive modeling methodology

in the study area and average annual disease inci-
dence rates were calculated.

Meteorological factors Rainfall, relative humidity, and
temperature are well documented CRD predictors (Hervas
etal. 2015; Chavarria 2001; Tseng et al. 2013; Stevanovi¢
et al. 2016). Therefore, ground-observed monthly records
of rainfall (Rf) (36 different rain gauge stations), temper-
ature (Te), and relative humidity (RH) (seven different
weather stations for each) for the period of 2010 to 2014
were obtained from the Department of Meteorology, Sri
Lanka. Average annual rainfall (mm), relative humidity
(%), and temperature (°C) surfaces for the study area were
derived using the ordinary Kriging interpolation technique
(Johnston et al. 2001) in ArcGIS 10.3.1. The maximum,
minimum, and mean amount of rainfall, temperature, and

Model Comparison

Prediction with best model

relative humidity for each GN division in the study area
were obtained using the zonal statistics extension of
ArcGIS 10.3.1 McCoy et al. 2001; Soysal et al. 2012).

Air pollution data Several studies have emphasized the
association between ambient air pollution and respira-
tory disease (Ding et al. 2017; Moore et al. 2016; Jassal
2015). Ambient air pollutants such as particulate matter,
nitrogen dioxide, sulfur dioxide, and carbon monoxide
can be considered significant predictors of CRD. In
order to explore the reported levels of air pollution in
Kandy, a comprehensive literature survey was carried
out; however, the result revealed that there are no fixed
ground monitoring stations available for Kandy district
(Wickramasinghe et al. 2011). Reported data are avail-
able only for Kandy Municipal Council (KMC) area.
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Therefore, the most recent air pollution data (NWS&DB
2014) of average monthly particulate matter (PM,),
nitrogen dioxide (NO,), sulfur dioxide (SO,), and car-
bon monoxide (CO) for the year 2014 were interpolated
using IDW method (Johnston et al. 2001) in order to
derive the amount of pollution over space (only for the
KMC area as shown in Fig. 1). Cell statistics for each
GN division of the KMC area were obtained using zonal
statistics. In addition, road density, the ratio of the length
of'the GND’s total road network to the GND’s land area
(Rd), and proximity to roads from the patients’ locations
were considered as proxy determinants of air pollution
because both factors are known to exacerbate CRD
(Hansell et al. 2014; Li et al. 2011; Muralidharan et al.
2014). A road layer was derived from the 1:10,000
topographic maps and both road density (km of road
per square km of land area) and proximity to roads were
calculated. Three different proximities were identified:
0-200 m (B1), 200400 m (B2), and more than 400 m
(B3). Exposure to indoor air pollution such as biomass
combustion is reliably associated with CRD (Kurmi
et al. 2010; Van Miert et al. 2012). Therefore, GN level
census data on the use of firewood (Fw) as a source of
energy in lighting and cooking at the household level
(%) were considered as a proxy to quantify the indoor
air pollution in the study area.

Land use/land cover data Land use and land cover data
are an integral part of respiratory health studies (Rao
2016). Generally, they provide an indication of biomass
combustion, the level of air pollution, and exposure
(Jagger and Shively 2014). Therefore, land use and land
cover data for the study area at the scale of 1:10,000
were examined through an exploratory factor analysis in
SPSS using principle factor extraction and verimax
rotation. Land cover data were classified into three
broad classes: agricultural crops (Ag), homestead (Hs),
and other (Or) type of land cover. The land use class Ag
includes paddy, tea, rubber, and chena cultivations; the
class Hs includes homesteads, settlement areas, and
built-up areas, whereas the class Or contains all other
land use types such as forest, water bodies, and barren
land. The extents of each land use class by GN divisions
(km?) were calculated accordingly.

Topographic data High altitude and cold air exposure
are also a known trigger of CRD (Seys et al. 2013; Cote
et al. 1993). Further, distribution of human settlements
and human activities such as mobility are often
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manifested in topography (Zhang et al. 2014). Altitude
for example indirectly affects respiratory health. Mean
elevation was found as a good determinant which can
play an important role in detecting respiratory disease
exacerbation (Hales et al. 1998) and human settlement
distribution (Zhang et al. 2014). Therefore, to assess the
elevation levels in the area, a digital elevation model
(DEM) was created using contours and spot heights at
the scale of 1:50000. Based on the DEM, average ele-
vation (El) of each GN division (m) was obtained using
the zonal statistics.

Socioeconomic data There is a direct relationship be-
tween SES and CRD. Lower SES typically shows a
positive association with CRD (Uphoff et al. 2015;
Curtis et al. 2012; Ore and Ireland 2015). Therefore,
census data on educational attainment and economic
activity measured at the GN level were considered as
proxy parameters for SES of the study. The census of
educational attainment is presented in six different
levels: the population who never attended a school, only
primary school, up to secondary, up to G.C.E O/L or
equivalent, G.C.E A/L or equivalent, and degree and
above. Using principle factor extraction and verimax
rotation—based exploratory factor analysis, the six vari-
ables were reduced to two. The percentage of the pop-
ulation who never attended a school and those who only
completed primary school were categorized as having a
low level of education (Le) while those who completed
secondary school or higher were considered as having a
higher level of education (He). The percentage of the
population that was employed was identified as eco-
nomically active (Ea), while the unemployed population
was considered economically inactive (Ei).

Data analysis

Twenty explanatory variables pertaining to the four
categories of respiratory determinants were first exam-
ined to test the linearity and normality assumptions. The
exploratory spatial data analysis (ESDA) tools of
ArcGIS 10.3.1 were used to examine the distribution
of data (Johnston et al. 2001). Histograms and normal
QQ plots were created for each variable and it was
graphically determined if highly skewed results or kur-
tosis occurred. In a prior analysis, scatter plot matrices
were visually inspected in order to assess the assump-
tion of linearity for a continuously regressed variable,
later the assessment was replaced with residual plots.
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Outstanding variables were log transformed (natural
log) to yield approximate normality in the variables.
The robustness of the expected relationship between
respiratory incidence and each of the individual poten-
tial explanatory variables was investigated by using
Pearson product-moment correlation coefficients
(Mukaka 2012). The goodness of fit of the variables
was quantified through the data mining tool called
“exploratory regression” in ESRI ArcGIS 10.1 (Kauhl
et al. 2016; Rosenshein et al. 2011). Accordingly, the
best fitting models with the best combinations of the
explanatory variables within and out of the broad vari-
able classes were assessed by the threshold criteria fitted
with adjusted R-squared value (R*>0.5), coefficient
p values (p<0.1), variance inflation factor (VIF <7.5)
values, and Jarque—Bera p values (p>0.1) (Jarque
2011). Multi-collinearity was assessed with the variance
inflation factor (VIF) where a larger VIF value(s) greater
than 7.5 indicates the existence of redundancy among
the explanatory variables. The Jarque—Bera test was
utilized to assess bias and normality of the model’s
variables. When the Jarque—Bera test is statistically
significant, variables are not normally distributed which
indicates that the model is biased or that one or more key
variables are missing from the model (Rosenshein et al.
2011; Haque et al. 2012). The Koenker-BP statistic
(Koenker’s studentized Bruesch-Pagan statistic) was
utilized to determine whether the explanatory variables
in the model had a consistent relationship to the depen-
dent variable both in geographic space and in data space
(spatial stationary). When the probability associated
with the Koenker-BP statistic is statistically significant,
regional variation is indicated (spatial non-stationary)
and the model is a worthy candidate for geographically
weighted regression (Nkeki and Osirike 2013). The
spatial independency and normality of the residuals
(the residuals are spatially random) were assessed using
the global spatial autocorrelation coefficient Moran’s 1
test (Lee and Wong 2001). Statistically, significant clus-
tering of the model residuals (spatial dependence in the
model residuals) indicates a violation of the model as-
sumption. In practice, this assumption may not always
be met; in such cases, spatial lag and spatial error
models were found to be acceptable alternatives (Ward
and Gleditsch 2007). Spatial regression analysis tools in
GeoDa can facilitate running these two alternative
models as discussed by Anselin (Anselin 1992;
Anselin et al. 1996; Anselin et al. 2006). Theoretically,
both models yield unbiased estimations; however, based

on the model performance parameters, the R-squared
and Log likelihood values of a good model can be
adopted (Anselin et al. 2006). Finally, OLS (Charlton
et al. 2009) and GWR (Brunsdon et al. 1996) models
were fitted to predict respiratory incidence over space
with significant geo-collated explanatory variables as
presented in Egs. (1) and (2) respectively.

Y:ﬂo‘f‘ﬂle+52X2+--~+ﬁan+€ (1)

where Y is the dependent variable, the betas (Gyto (3,)
represent the corresponding coefficients of explanatory
variables, X; to X, represents the corresponding number
of explanatory variables, and € is the random error term
of the residuals.

Y=50+%ﬂkxik+€i (2)

where Y is the dependent variable at location i, (3,
represents the corresponding coefficients of explanatory
variables, (;, measures the relationship between the in-
dependent variable X at location 7, and € is the random
error term of the residual at location i. The corrected
Akaike information criterion (AICc) was used for model
comparison. The smaller the values of AICc were, the
better the model performed (Li et al. 2017). Random
patterns of over and/or under predictions of the model
residuals indicate the goodness of fit of the models
(Fotheringham et al. 2003). Therefore, standard devia-
tion maps of the model residuals and the global Moran I
test were used to assess the distribution of the residuals
and validity of the models.

Results
Demographic profile of CRD incidence

Table 1 presents the summary statistics of the respiratory
incidence in the entire study area. A total of 33,384
respiratory disease incidences were recorded for the
years 2010 to 2014, representing an average annual rate
0f 49/10,000 population. The total asthma incidence is
higher than the total of COPD as 19,909 (29/10,000)
and 13,475 (20/10,000) respectively. Moreover, asthma
incidence is higher among females (10,462) than males
(9447) while COPD incidence is significantly more
frequent in males (11,293) than females (2182). Both
asthma and COPD incidences are higher among the
elderly population (age > 60), followed by the age
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Table 1 Summary statistics of CRDs incidence in Kandy district—2010 to 2014

Asthma COopPD Total
No. of Average annual rate” (per  No. of Average annual rate (per  No. of Average annual rate® (per
incidents 10,000) incidents 10,000) incidents 10,000)

Male 9535 14 11,205 20,740 30

Female 10,505 15 2139 12,644 18

Total 20,040 29 13,344 33,384 49

# The ratio of the number of asthma/COPD cases occurred in a specific sex group to the 10,000 persons of the total population in a given year

in Kandy district

groups 4660, 3145, 16-30, 6-15, and 0-5 years re-
spectively (Table 2).

Robustness of the explanatory variables

Pearson product-moment correlation coefficient ()
values of the 20 different explanatory variables revealed
a distinct level of association between the respiratory
disease incidences as shown in Table 3. Apparently, the
correlation coefficients exhibit a moderate association
between the exploratory variables and asthma/COPD
incidence. Further, all variables show a positive rela-
tionship between the explanatory variables and asthma/
COPD except Te, Ea, and He.

Among meteorological variables, rainfall (asthma
r=0.38, COPD r=0.49) and relative humidity (asthma
r=0.54, COPD r=0.46) showed a moderately strong
positive association while temperature (asthma r=-—
0.48, COPD r=—-10.41) showed a negative association
for both asthma and COPD hospitalizations. Moreover,
rainfall and temperature showed a relatively stronger
relationship with COPD than asthma hospitalizations.
Particle matter (PM;,) showed a low to moderate, but
still statistically significant positive association with
asthma (»=0.34) and COPD (r=0.25) while followed
by CO, NO,, and SO, respectively. However, among
other proxy parameters of ambient air pollution, road

Table 2 CRDs incidence by age in Kandy district—2010 to 2014

density and proximity to roads with 0-200 m showed a
relatively strong relationship with CRD. Moreover, the
use of firewood (Fw) as a source of cooking fuel also
showed reasonably positive correlation coefficients for
both asthma and COPD. Therefore, the study was con-
tinued with the proxy parameters of ambient air pollu-
tion. The highest correlation coefficient for land cover
type was recorded with the homestead. The elevation
also showed a positive relationship with both asthma
and COPD; however, it is stronger with COPD than
asthma hospitalizations. Accordingly, people who lived
in high altitude are more vulnerable for COPD. For the
socioeconomic variables, the population with economi-
cally active and higher level of education indicated a
negative association while economically inactive and
low level of education categories showed a positive
association.

Goodness of fit of the candidate explanatory variables

The goodness of fit of the candidate explanatory vari-
ables was first evaluated though the exploratory regres-
sion. The result of the exploratory regression reveals the
best combinations (the passing models) of explanatory
variables that satisfy all the fitted criteria in asthma and
COPD prediction (Table 4). Accordingly, all 10 possible
passing models returned with lower values of VIF (less

Age (years) 05 AAR*  6-15 AAR* 1630 AAR* 3145 AAR* 4660 AAR* >60 AAR¥*
Asthma 1570 28 1705 15 1745 2107 15 4518 35 8395 151
COPD 234 4 104 1 344 474 3 3147 25 9041 162
Total 1804 32 1809 16 2089 2581 18 7665 60 17,436 313

* AAR—average annual rate: the ratio of the number of asthma/COPD cases occurred in a specific age group to the 10,000 population of that

age group in a given year in Kandy district)
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Table 3 Pearson product-moment correlation coefficients () values of the individual explanatory variables

Exploratory variables Correlation coefficient (r)*
Asthma COPD
Meteorological factors Rainfall (Rf) 0.38 0.49
Relative humidity (RH) 0.54 0.46
Temperature (Te) —-043 -047
Land use Agricultural crops (Ag) 0.22 0.24
Homestead (Hs) 0.43 0.43
Other (Or) 0.18 0.20
Outdoor air pollutant (only for Kandy municipal area) Carbon monoxide (CO) 0.17 0.19
Nitrogen dioxide (NO,) 0.26 0.19
Particle matter 10 (PM,) 0.34 0.25
Sulfur dioxide (SO,) 0.24 0.12
Indoor air pollutant: use of firewood as a source of energy (Fw) 0.32 0.38
Road density (Rd) 0.47 0.47
Proximity to roads 0-200 m (B1) 0.46 0.38
200-400 m (B2) 0.18 0.10
>400 m (B3) 0.10 0.02
Elevation (El) 0.29 0.46
Poverty Economically active (Ea) -0.35 -0.35
Economically inactive (Ei) 0.34 0.35
Education level Low level of education (Le) 0.33 0.28
Higher level of education (He) -0.32 -0.27

#The correlation coefficients are significant at the 0.001 level (p value >0.001)

than 7.5) indicating that none of the variables were the model variables. The predictive power of the best
redundant. Statistically, non-significant p values (larger asthma and COPD models fluctuated between 50 to
than 0.1) of the Jarque—Bera statistics indicated that the 56% and 60 to 63% respectively. The lowest value of
residuals are normally distributed; thus, the model’s AICc and the highest value of adjusted R-squared indi-
predictions were free from bias and misspecification of cated the most outstanding models (model 3 for asthma

Table 4 The candidate models of the exploratory regression for asthma and COPD prediction

Model no. AdiR? AlCc JB VIF Model variables®

Asthma Model 1 0.554 3111 0.11 1.34 RH+Hs +Fw—He+El
Model 2 0.549 3125 0.17 1.16 RH+Hs + Fw—Ea+El
Model 3 0.557 3104 0.11 1.73 RH+Hs +Fw—He—Ea+El
Model 4 0.554 3113 0.13 1.43 RH+Hs+Fw+Le—Ea+El
Model 5 0.502 3245 0.23 1.41 Rf+RH+Rd+Fw — He + El

COPD Model 6 0.604 2812 0.22 1.14 RH+B1 +Fw—Ea+El
Model 7 0.619 2766 0.12 2.15 RH-Te+Bl+Fw — He+El
Model 8 0.614 2784 0.31 2.09 RH-Te+B1+Fw—Ea+El
Model 9 0.613 2787 0.12 1.42 RH+ Bl +Fw+Le—Ea+El
Model 10 0.626 2746 0.15 231 RH-Te+B1+Fw—He+Ei+El

?The “+” and “~” signs indicate positive and negative relationships respectively
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and model 10 for COPD) among the candidate models.
Five different explanatory variables (out of 16) (relative
humidity (RH), rainfall (Rf), use of firewood (Fw),
elevation (El), a higher level of education (He), and
economically active (Ea)) play a key role in both asthma
and COPD prediction. Moreover, relative humidity
(RH), rainfall (Rf), use of firewood (Fw), and elevation
(El) revealed a positive relationship while a higher level
of education (He) and economically active (Ea) showed
a significant negative relationship with asthma and
COPD. Further, homestead (Hs), low level of education
(Le), and road density acted as the significant supple-
mentary predictors in asthma models, whereas proxim-
ity to road (B1), temperature (Te), low level of education
(Le), and economically inactive (Ei) were the significant
supplementary predictors in COPD models.

Predictive model summaries

Summary statistics for the most outstanding OLS
models (model 3 for asthma and model 10 for COPD
in Table 4) proved the overall significance of the pre-
dictive capabilities of the explanatory variables
(Tables 5 and 6). There was no evidence of
heteroscedasticity or multi-collinearity among variables
since VIF values were less than the set threshold value
of 7.5. The ANOVA returned a statistically significant
joint F-value and joint Wald statistic returned statistical-
ly significant chi-squared values. With this, both OLS
models proved to be statistically significant. However,
statistically significant Moran’s I statistics indicated that
the models did not satisfactorily account for spatial
dependency in both asthma and COPD. The two alter-
native models (spatial lag model and spatial error mod-
el) were applied in order to incorporate the violated OLS
assumptions of spatial dependency. The spatial lag mod-
el determined slightly better performance with no sig-
nificant error of spatial dependency (Moran’s I index for
asthma is 0.0016 and for COPD is — 0.0029). The effect
of the explanatory variables and other statistics
remained virtually the same as the standard OLS
models; thus, the detail statistics are not reported. How-
ever, the models still resumed statistically significant
chi-squared value for the Koenker-BP statistics. It is an
indication of spatial mobility. Thus, the relationship
between some (or all) explanatory variables and
COPD/asthma incidence varied across the study area.
The results of the tested combinations of GWR
models revealed significantly better prediction ability
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with elevated adjusted R* values 0.78 and 0.74 for
asthma and COPD respectively. The difference between
adjusted R* values from OLS to GWR implied that local
model fitness was higher in predicting CRD over the
study area. Moreover, a comparison of AICc values
between OLS and GWR models indicated that GWR
models were an improvement over OLS models
(Table 7). The associated condition numbers for each
model returned less than 30, indicating that the models
were free from local multi-collinearity. Standard devia-
tion maps of the model residuals clearly show that over-
and under-predicted asthma and COPD incidences are
randomly distributed over study area. Statistically, non-
significant Moran’s I statistics (Table 7) are further
evidence for randomly distributed model residuals. This
was good evidence for a properly specified and bias-free
predictive model.

Spatial variation of CRDs prediction

The OLS regression models conclude that there is a firm
but non-stationary predictive power of asthma/COPD
incidence for all GN divisions. The results of the GWR
models confirmed it with locally varied regression
values as shown in Figs. 3a and 4a. At the local level,
the predictive strength (R*) of asthma and COPD fluc-
tuated between 0.62-0.82 (Fig. 3a) and 0.58-0.78
(Fig. 4a) respectively. Generally, the West half of the
study area shows a higher level of predictive capability
than the East in both cases. This can be warranted by
two reasons: first, the occurrence of CRDs is quite high
in the western half so prediction capability may also
high in the region. Second, it could be a MAUP raised
issue because spatial extent of a GN division in the
western half is very small compared with the extent of
a GN division in the Eastern half (the average size of a
GND in the western half is about 1 km” whereas the
average size of a GND in the Eastern half is approxi-
mately 4 km?). Thus, the aggregation process yields
more generalized and homogeneous data for the Eastern
half which may result in a low prediction over space.
Further, the resultant regression coefficients revealed
strong local differences of association within each var-
iable of the study area (Figs. 3c—h and 4c-h). In these
figures, the areas with dark-red shade represent where
that particular variable exhibited a strong influence on
the corresponding CRD occurrence, while the dark-blue
shade represents the areas which have a relatively low
influence on the corresponding CRD occurrence. The
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Table 5 OLS summary statistics for the best asthma model

Variables (x)
Intercept
Relative humidity (RH) (%)
Homestead (Hs) (km?)
Use of firewood as a source of energy (Fw) (%)
Higher level of education (He) (%)
Economically active (Ea) (%)
Elevation (El) (m)

OLS diagnostics parameters
Joint F-statistic
Joint Wald statistic
Koenker-BP statistic
Jarque—Bera statistic

Moran’s I statistics for model residuals

Coefficients value

Std. error t statistic p value VIF
—54.57 3.01 —18.11 <0.001 -
11.59 0.65 17.92 <0.001 0.38
0.43 0.03 17.92 <0.001 0.30
0.53 0.05 10.91 <0.001 0.24
-0.59 0.12 —4.76 <0.001 -0.12
-0.39 0.13 -3.04 0.002 -0.07
0.95 0.06 15.11 <0.001 0.29
value p value
250.25 <0.001
1487.90 <0.001
97.39 <0.001
435 0.114
0.406 <0.001

Each coefficient value represents the change in asthma incidence relative to a 1-unit change in X variables. For example, if relative humidity
differs by 1 unit, it would expect asthma incidence to differ by approximately 11.59

variable “road proximity” showed a positive association
with asthma and COPD in the entire study area (Figs. 3d
and 4d respectively); however, the influence is stronger
in the southern half than the northern half of the study
area for asthma, while the western half of the study arca
displays a more significant influence of COPD. This
result further confirmed that the risk of asthma and
COPD was increased among those who are living in
close proximity to roads. However, the level of impact

Table 6 OLS summary statistics for the best COPD model

was inconsistent with the influence of other risk factors
over space. Conversely, the local coefficients of the
remaining variables revealed a combination of positive
and negative associations over the study area. The pos-
itive association means that adding one increment of a
particular variable leads to a proportional increase in the
corresponding CRD. On the other hand, negative asso-
ciation implies that inverse association with the corre-
sponding CRD. Accordingly, a higher level of education

Variables (x)

Intercept

Relative humidity (RH) (%)
Temperature (T) (°C)

Proximity to roads 0-200 m (B1) (m)
Use of firewood as a source of energy (Fw) (%)
Higher level of education (He) (%)
Economically inactive (Ei) (%)
Elevation (El) (m)

OLS diagnostics parameters

Joint F-statistic

Joint Wald statistic

Koenker-BP statistic

Jarque—Bera statistic

Moran’s [ statistics for model residuals

Coefficients value

Std. error t statistic p value VIF
-19.40 4.77 -4.07 <0.001 -
4.87 0.77 6.36 <0.001 0.17
-3.12 0.54 =577 <0.001 -0.15
0.29 0.02 11.77 <0.001 023
0.57 0.04 12.83 <0.001 0.27
-1.02 0.10 —10.56 <0.001 -022
0.49 0.10 4.69 <0.001 0.10
1.34 0.05 24.66 <0.001 0.44
value p value
285.68 <0.001
1795.37 <0.001
101.57 <0.001
3.78 0.151
0.383 <0.001

Each coefficient value represents the change in COPD incidence relative to a 1-unit change in X variables. For example, if relative humidity
differs by 1 unit, it would expect COPD incidence to differ by approximately 4.87
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Table 7 Model fitness comparison

Fitness parameters Asthma COPD

OLS GWR OLS GWR
AlCc 3262 3159 2776 2671
R 0.58 0.79 0.63 0.75
Adjusted R* 0.57 0.78 0.62 0.74
Moran’s [ statistics for model residuals 0.337 0.005 0.274 0.009
Moran’s [ statistics p value <0.001 0.467 <0.001 0.226

Both OLS and GWR models run for entire GN divisions (1188) in Kandy district

showed a positive relationship in the southwest region
while other areas showed an inverse relationship for
both asthma and CRD (Figs. 3¢ and 4c). In the case of
road density, the southwest region showed an inverse
relationship, where other areas showed a positive asso-
ciation with CRD. At the same time, rainfall and eleva-
tion showed positive association in the southwest re-
gion, indicating that the relative importance and predic-
tive power of an explanatory variable can vary with
location. According to these results, the Southwest re-
gion revealed a distinct relationship with the examined
risk factors. The risk factors elevation and rainfall may
be the most influencing factors in predicting CRD in the
Southwest region. Ultimately, these results revealed that
CRD risk factors are not globally significant. Instead,
they vary, showing a positive association with risk fac-
tors in some areas, and negative relationships in other
areas. As shown in the standard residual maps, asthma
incidences are over-predicted around Delthota,
Paradeka, Medagoda, Mampitiya, and Nawalapitiya
areas where as COPD incidences are over-predicted
around Gampola, Nawalapitiya, Delthota, Peradeniya
Mahanuwara, and Mahadoraliyadda areas. Both these
over- and under-predicted disease incidences locations
further imply that the local variation of prediction ability
and areas need to be further investigations.

Discussion

The result of Pearson product-moment correlation coef-
ficients for each individual explanatory variable general-
ly revealed a low strength of association with CRD
morbidity. There are two primary explanations. For ex-
ample, outdoor air pollution showed very weak associa-
tion with CRD yet several comparative case studies were
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done in Sri Lanka (Holgate et al. 1999; Nandasena et al.
2010) have shown a strong positive association. Basical-
ly, this would be a consequence of the lack of appropriate
air pollution data in Kandy to gauge the actual magnitude
of the problem. Air pollution studies in Kandy are mostly
limited to few sample locations in the KMC area. For
example, a study done in 2002 revealed that air pollution
levels in Kandy exceeded the national standards for Sri
Lanka; however, the sample size of the study was limited
to two locations in KMC area (Abeyratne and Ileperuma
2002). In 2008, suspended particle matter pollution was
monitored in 25 locations in KMC and surrounding areas
(Elangasinghe and Shanthini 2009). Eight-hour exposure
levels to PM; at 20 locations in KMC over a period of
9 months measured by Wickramasinghe et al. (2011)
revealed that the concentration levels are high along
roadways. Spatial variation of air pollution and level of
exposure were assessed in 2011; however, this study also
revealed that air pollution studies in Kandy are limited to
a few sampling locations within KMC area (Premasiri
et al. 2012). Although these preliminary studies stressed
the need for long-term monitoring of air pollution using
fixed monitoring stations, there is currently no mecha-
nism to monitor air pollution in Kandy (Abeyratne and
Ileperuma 2002; Premasiri et al. 2012).

On the other hand, the individual level variable anal-
ysis is insufficient for CRD morbidity prediction. Cohen
et al. stressed the same that a range of low to moderate
correlation coefficients values is quite normal in any
field that attempts to predict human processes due to

Fig. 3 Standard deviation maps of the model residuals. Legend: P>
The hot (red)/cold (blue) rendering color scheme represents the
patterns of over and under predictions of the model residuals
respectively. The map shows the randomly distributed asthma
model residuals (a) and depicts the randomly distributed COPD
model residuals (b)
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(a) Asthma - Local R?
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Fig. 4 Local /* values and coefficient raster surfaces for asthma
model. Legend: The map shows the spatial variation of local R-
squared values of Asthma model (a) and indicates the local inter-
cept estimated by GWR (b). The maps ¢-h indicate how asthma
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incidence would change for each unit change of the variables high
education, proximity to the road, road density, elevation rainfall,
and firewood respectively



Environ Monit Assess (2019) 191(Suppl 2): 366

Page 15 of 21 366

(a) COPD - Local R?
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Fig. 5 Local /* values and coefficient raster surfaces for COPD
model. Legend: The map shows the spatial variation of local R-
squared values of COPD model (a) and indicates the local inter-
cept estimated by GWR (b). The maps c—h indicate how asthma

incidence would change for each unit change of the variables high
education, proximity to the road, road density, elevation rainfall,

and firewood respectively
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the complexity and multiplicity of influencing variables;
thus, individual variables will not be able to represent
their separate influences accurately (Cohen et al. 2013).
Moreover, spatially varied coefficients of the local
models (Figs. 4 and 5) further revealed that there is a
locally varying association between CRDs and each
variable; thus, a strong global correlation coefficient
cannot be expected. However, the quantified directions
of'the association between the explanatory variables and
CRDs incidence are compatible with existing knowl-
edge. For example, a recent study done in Serbia re-
vealed that there is a significant negative association
between temperature and asthma patients (Stevanovié
et al. 2016). The perception is further confirmed by
numerous studies (Seys et al. 2013; Qiu et al. 2015;
Guo et al. 2012; Lim et al. 1991). Similarly, there is
evidence that variables such as ambient air pollutants
(Delamater et al. 2012; Guo et al. 2012), rainfall
(Xirasagar et al. 2006; Silva et al. 2011), relative humid-
ity (Guo et al. 2012), road density and proximity
(Hansell et al. 2014; Gasana et al. 2012; Lindgren
et al. 2009), poverty (Burney et al. 2014), and exposure
to firewood combustion (Pan et al. 2016) are positively
associated with CRD. Although such etiological studies
of CRD have not been comprehensively elucidated in
Sri Lanka, a few cohort level studies have confirmed a
positive association between ambient air pollutants
(Uragoda 1980; Thishan Dharshana and
Coowanitwong 2008), exposure to firewood combus-
tion (Nandasena et al. 2012; Nandasena et al. 2013;
Phillips et al. 2016), and CRD. Moreover, there is a
general perception that Kandy is vulnerable for
asthma/COPD due to the high road traffic and the results
of this study confirmed it further. However, more de-
tailed epidemiological studies are needed to assess the
relationship between aetiological factors and CRD ex-
acerbation in Kandy.

Consistent with the spatial relationship analysis, the
results of the exploratory regression and the OLS re-
gression models helped to identify possible risk factors
with a better prediction capability. Generally, OLS re-
gression is considered as a good starting point for spatial
relationship assessment (Ahmad et al. 2015). Accord-
ingly, OLS regression models revealed that relative
humidity, rainfall, proximity to the road (0-200 m), road
density, use of firewood as a source of fuel, and eleva-
tion are the significant positive predictors of asthma and
COPD in Kandy district. Temperature, a higher level of
education, and economically active variables are
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significant negative predictors of CRDs. Relative hu-
midity is the most influencing risk factor for CRD
prevalence in Kandy. This is consistent with the findings
of the reported epidemiological studies in the literature
which suggest higher respiratory infections in relatively
high humidity (Arundel et al. 1986; Delamater et al.
2012; Ayres-Sampaio et al. 2014). The influence of
RH on mounting the availability of dust mites and their
allergens in the environment (Arlian et al. 2001;
Arundel et al. 1986) and air pollutants such as PM;,
(Devries et al. 2016) could be the reason; however, this
should be further verified in detail through proper stud-
ies. Consistent with the existing knowledge, CRD prev-
alence in Kandy district was inversely related to tem-
perature as the coldest areas reported high CRD inci-
dence. Thus, the contribution of meteorological factors
in CRDs prediction is significant in Kandy district.
Moreover, the contribution of three proxy parameters
of air pollutant (proximity to roads (0200 m), road
density, and the use of firewood as a source of fuel)
emphasizes the necessity of regular monitoring of in-
door and outdoor air pollutant parameters in terms of
CRDs prediction in Kandy. Inversely associated socio-
economic predictors confirmed the relationship between
poverty and CRD. An economically active and highly
educated population is a good indicator of a high stan-
dard of living; thus, these results reveal that high stan-
dard of living reduced the vulnerability of CRD preva-
lence in Kandy. Therefore, these findings are important
to health care policy makers to initiate appropriate pre-
ventive measures for CRD in Kandy district.

The resultant GWR models evidence the presence of
spatial heterogeneity within the study area while
predicting CRD. The relationships between explanatory
variables and CRD incidences are not constant and vary
spatially as shown by * values. The direction and
strength of the association between explanatory vari-
ables and CRD incidence differ in different spatial set-
tings as shown by spatially varying coefficients. This
indicates that the prevalence of CRD in a given location
is directly related to its physical and social environmen-
tal conditions. Kandy is relatively diverse in population,
socioeconomic conditions, topography, climate, and en-
vironmental conditions. Hence, the examined explana-
tory variables on CRD cannot be directly generalized for
Kandy as a whole, or in the other spatial location even
within a national or regional level. In order to assess
CRD prevalence in Kandy district, more precise spatial
research is essential which can distinguish local
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variation. GWR models are, therefore, more important
in asthma and COPD surveillance in a district like
Kandy. However, spatially and temporally precise data
on risk factors that can depict the local variations ade-
quately is needed in local regression models; otherwise,
local multi-collinearity, MAUP, might be a problem.

Further, this study discloses the use of GIS capabil-
ities in CRD surveillance, especially to overcome the
rudimentary level of available spatial data, incompati-
bility issues. Geocoding capabilities permit generation
of a finer resolution analysis of CRD incidence over
space and were able to minimize MAUP in assessing the
relationship between CRDs and their risk factors in
Kandy district. Moreover, different GIS procedures such
as Kriging, IDW, and zonal statistics facilitate making
compatible CRD risk data from different sources at
different scales to each other. The spatial regression
models prove the analytical capabilities that can help
to clarify the geographical variability and association of
CRD determinants.

However, this study had a few limitations as well.
First, this was an ecological study; the models used
aggregated data at the GN division level. Thus, individ-
ual level exposure to the predictors and impact of per-
sonal mobility were underestimated. Therefore, contrib-
uting factors responsible for the individual level hospi-
talization are not predicted by the models applied. Sec-
ondly, the study only considered indoor hospitalization
at the government hospitals; neither outpatient visits nor
private health care units considered. Thus, the actual
amount of morbidity is likely underestimated. All of
these limitations contribute to modeling errors.

Conversely, the capabilities of GIS and spatial anal-
ysis techniques used in this study allow health care
policy makers to understand the spatial association of
CRD risk factors in Kandy district. Accordingly, they
can develop specific mitigation measures that are con-
tingent on the location and nature of risk levels. More-
over, the methodological and theoretical implications
raised in this study are important for a country like Sri
Lanka, not only asthma and COPD surveillance in Kan-
dy district but more generally for surveillance of any
disease that influenced by different socioeconomic and
environmental risk factors. Theoretically, the highlight-
ed concepts of spatial non-stationary and models of
local regression, etc. are valuable for developing a sur-
veillance strategy for diseases like asthma and COPD,
with risk factors that are spatially varied and inextrica-
ble. However, continuous experiments are necessary to

investigate the localized impact of risk factors. This
study further illustrates the inextricable linkage among
the CRD determinants and emphasizes the need for
more sophisticated techniques and data that can inte-
grate both spatial and temporal aspects of health-related
studies. Further studies are needed that assess the spa-
tiotemporal association between CRD and risk factors to
improve the results of this study.

Conclusions and recommendations

Individual level risk factor analysis is not appropriate for
CRD morbidity prediction. It is most unlikely to have a
single coefficient per explanatory variable. At the same
time, the relationship between CRD occurrence and
their risk factors is not static across a study area. CRD
prediction over space can be established through analy-
sis of a combination of environmental, climatic, and
socioeconomic risk factors such as relative humidity,
rainfall, proximity to the road (0-200 m), road density,
the use of firewood as a source of fuel, a higher level of
education, economically active population, and topog-
raphy (elevation). Both global and local regression
models are found to be important in assessing spatially
varied relationships of CRD, and they provide necessary
insight into the geospatial behavior of environmental
and socioeconomic predictors of CRD. Finally,
geospatial analytical capabilities used in this study can
be used as a surveillance strategy in developing coun-
tries, not only for CRD prediction but also for other
disease surveillance in different spatial settings.
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