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Abstract

Type-2 diabetes is a growing lifestyle disease mainly due to
increasing physical inactivity but also associated with various
other variables. In Saudi Arabia, around 58.5% of the population
is deemed to be physically inactive. Against this background, this
study attempts explore the spatial heterogeneity of Type-2 dia-
betes prevalence in Jeddah and to estimate various socio-econom-
ic and built environment variables contributing to the prevalence
of this disease based on modelling by ordinary least squares
(OLS), weighted regression (GWR) and multi-scale geographical-
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ly weighted (MGWR). Our OLS results suggest that income, pop-
ulation density, commercial land use and Saudi population charac-
teristics are statistically significant for Type-2 diabetes preva-
lence. However, by the GWR model, income, commercial land
use and Saudi population characteristics were significantly posi-
tive while population density was significantly negative in this
model for 70.6%, 9.1%, 26.6% and 58.7%, respectively, out of
109 districts investigated; by the MGWR model, the correspond-
ing results were 100%, 22%, 100% and 100% of the districts. With
the given data, the corrected Akaike information criterion (AICc),
the adjusted R?, the log-likelihood and the residual sum of squares
(RSS) indices demonstrated that the MGWR model outperformed
the GWR and OLS models explaining 29% more variance than the
OLS model, and 10.2% more than the GWR model. These results
support the development of evidence-based policies for the spatial
allocation of health associated resources for the control of Type-2
diabetes in Jeddah and other cities in the Arabian Gulf.

Introduction

Urban health is a common subject of interdisciplinary research
(Martynenko, 2021) and it is frequently focused on the research of
lifestyle diseases (Pinter-Wollman et al., 2018). Earlier scholars
have documented that the urban built environment shapes the
health conditions of urban residents by influencing human
behaviour in various ways including physical activities (Sridhar et
al., 2010; Wang et al., 2019). Physical inactivity is one of the
biggest public health challenges of our time because of the mag-
nitude of its associated health risks (Kohl et al., 2012). There is
robust evidence that lack of physical activity causes many non-
communicable diseases including Type-2 diabetes, coronary heart
disease, breast, and colon cancers (Lee et al., 2012). In fact, this
disease can be described as a global pandemic that has become
acute in several developed and developing countries (Susan van et
al., 2010; Colagiuri, 2010; Hu et al., 2015). Importantly, while
Type-2 diabetes is mainly an outcome of lifestyle (Temelkova-
Kurktschiev and Stefanov, 2012), Type-1 diabetes is a genetic dis-
order (Atkinson et al., 2014).

According to the World Health Organisation (WHO), Saudi
Arabia ranks the seventh highest for high Type-2 diabetes preva-
lence world-wide, and second highest in the Middle East (Dawish
et al.,2016). In 2016, around 14.4% of Saudi Arabia’s population
had diabetes, many of whom with risk factors, such as overweight
(68.2%), obesity (33.7%) and physical inactivity (58.5%), which
are associated with Type-2 diabetes (WHO, 2016). Studies have
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confirmed that both lifestyle, including physical movement and
food habits on the one hand and genetic factors on the other, con-
tribute to the higher prevalence of diabetes in Saudi Arabia
(Elhadd et al., 2007; Gazzaz, 2020).

Increased physical activity is one of the key interventions to
prevent Type-2 diabetes (Aguiar ef al., 2014). Such interventions
could be facilitated by the adequate provision of connected pedes-
trian walkways (Wilson et al., 2014; Glazier et al., 2014) together
with provision of green infrastructure and community gardens
(Pasala et al., 2010; Ngom et al., 2016). Other vital factors related
to the prevalence of Type-2 diabetes also include the prevailing
mix of land use, the proportion of commercial areas in the neigh-
bourhood, income, population density, population ethnicity and the
proportion of the population above 65 years of age (Gariepy ef al., 2015).

Earlier, several interdisciplinary studies confirm that the preva-
lence of Type-2 diabetes is associated with several socio-economic
and built environment factors (Mangla ez al., 2020; Mandic et al.,
2020). However, there is lack of studies on spatial heterogeneity of
Type-2 diabetes at the local level, particularly in Saudi cities
(Quifiones et al., 2021). Geographical or spatial heterogeneity
could be defined as the dissimilarity in space in the distribution of
a point pattern, or the deviation of a qualitative or quantitative
value of a surface pattern (Arnaldo and Torres, 2005). Earlier stud-
ies have confirmed that geographically weighted regression
(GWR) and multi-scale geographically weighted regression
(MGWR) models are useful in the study of geographical variabili-
ty of diseases and in finding how local patterns shape public health
policies (Tu et al., 2012; Oshan et al., 2020). Given the enormity
of Type-2 diabetes in Saudi Arabian cities, this study has the fol-
lowing objectives: 1) to explore the spatial heterogeneity of type-2
diabetes prevalence in Jeddah; ii) to estimate the variables con-
tributing to Type-2 diabetes prevalence in Jeddah through various
socio-economic and built environment variables using global or
ordinary least squares (OLS) and local and MGWR) models.

Literature review

Geographically weighted regression in epidemiological studies

Over the past two or so decades, GWR has been repeatedly
used to examine geographical variability and contributory vari-
ables resulting into health-related outcomes and associated risk
factors. Chan et al. (2014) traced geographically disparities in
obstructive pulmonary disease mortality rates in Taiwan, while
Goovaerts et al. (2015) found that GWR can detect local patterns
of late-stage prostate cancer, and Jiang et al. (2018) concluded that
spatially varying social development formed distinct geographical
clusters of life expectancy in China. In the United States (U.S.), Tu
and Tu (2018) applied GWLR to investigate the spatial relation-
ship between preterm birth and air pollution in Georgia, USA and
Tabb ef al. (2020) used GWR to explore the spatial variability in
cardiovascular health among the black and white population.

A recent study established that global and local GWR models
can effectively model socio-economic determinants, coverage,
accessibility and geographical variability of vulnerability with
respect to heart ischemic diseases (Dutra et al., 2021).

Built environment components and geographically weighted
regression

Our review of the literature reveals that only few studies have
explored and modelled the relationship between the built environ-
ment and human behaviour using GWR. For instance, a recent
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study in Jeddah used geographically weighted Poisson regression
(GWPR) to divulge spatial heterogeneity of pedestrian fatalities
through existing transportation infrastructure (Aljoufie and Tiwari,
2021), while a similar study reported a positive association
between pedestrian safety and the quality of bus stop access in
Delhi by GWPR models (Lakhotia et al., 2020). Additionally,
Torun et al. (2020) demonstrated a GWR model based on socio-
demographics parameters estimating children’s recreation/trans-
portation through walking through urban constructions in Istanbul,
Turkey. Another study observed that excessive use of private car in
constrained geographical areas, such as a university campus, might
lead to spatial clustering of high concentrations of small particulate
matter (PM2.5) in the ambient air, potentially resulting in higher risk
of respiratory and cognitive diseases (Tiwari and Aljoufie, 2021).

cpress

Materials and methods

Study area

Jeddah, the second largest city of the Kingdom of Saudi Arabia
and the largest city in Hejaz Region and Makkah Province, com-
prised the study area. Called the pearl of the Red Sea, the city
serves as a gateway for the holy cities of Makkah and Medina that
are visited by millions of Muslim pilgrims every year. Jeddah is
well connected to the world and to other cities of the kingdom by
King Abdulaziz International Airport, Jeddah Islamic Port, Al-
Haramin Railway, Al-Haramin Express way and many smaller
roads. The city is divided into 110 administrative districts covering
a geographical area of 1600 km? with a population of 4.6 million
(Aljoufie and Tiwari, 2015a).

Data

This study examined Type-2 diabetes cases sampled from the
primary health centres of Jeddah. We obtained data on the preva-
lence rate of Type-2 diabetes (dependent variable) from the
Ministry of Health (MOH) office in Jeddah for the year 2018-2019.

We used previous studies to select independent variables
proven to be associated with Type-2 diabetes prevalence and
decided to include as variables commercial land use, population
density, Saudi population characteristics and income. We used
Google Map data to estimate green areas, walkways and commer-
cial areas in each district. For population data, we obtained infor-
mation from the General Authority of Statistics database for the
year 2015 on local population, the proportion of those above 65
years of age and median income (Table 1).

Methods

The ordinary least square model

The ordinary least square (OLS), known as the global regression
model, is a well-known inferential statistical technique used to esti-
mate a dependent variable on other independent parameters. The
basic assumption of the OLS model is that variables have a station-
ary and constant association over space. However, this assumption
may not hold in case of spatial additional effects, e.g., those due to
the geography (Hutcheson, 1999). This is the reason why the results
of OLS models are usually compared with the results of local mod-
els (GWR and MGWR) that permit drawing conclusions based also
on local spatial inferences (Tiwari and Aljoufie, 2021).
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The OLS model could be expressed as:
V= Byt bx; +byx, te (1)

where y; is the dependent variable (the prevalence rate of Type-2
diabetes in our case) at the i location; 3, the estimated intercept;
b, the estimator for x, ; x, denotes the set of independent variables;
and e the error term.

Multicollinearity indicates that independent variables in a given
dataset is correlated which might lead to less reliable results, so it
is crucial to find any sort of this problem in the given dataset
before modelling. It is reflected by the variance inflation factor
(VIF) (Mansfield and Helms, 1982) and, as a rule of thumb, VIF
values higher than 10 indicate multicollinearity; however, to be
sure, some authors use a cut-off as low as 2.5 (Salmerén et al.,
2018). After computing the VIF for all the independent variables,
we observed acceptable multicollinearity for the regression models
at scores less than 2 (Table 2).

Geographically weighted regression

GWR is a regression model technique for spatial analysis that
considers non-stationary estimators that permits modelling the
associations between these parameters and a dependent outcome of
concern at the local level (Brunsdon ef al.,1998; Wheeler and Paez,
2010).

A conventional GWR equation is:

i = By (upv) + Zjﬂj (u;,v,) x;t+ g (@)

where f3, (u;,v,) is the intercept; x; the j™ predictor variable; B; (u;,v,)
x; the j” coefficient; ¢ the error term; and y, the response variable.

Table 1. Data sources.

Multi-scale geographically weighted regression

MGWR is a modified form of GWR (Fotheringham et al.,
2017) where the assumption of scale, i.e. that all the parameters
modelled operate at the same geographical scale, is relaxed (Oshan
et al., 2019).

MGWR equation is expressed as:

Vi = Bo (upv) + Zjﬁbwy’ (u;,v) X; T g (3)

where f,,,; denotes the bandwidth applied for calibrating the j™ con-
ditional relationship; the other terms are same as mentioned in
Equation 2 above.

The t-scores are generally used in regression tests and t-tests
and denotes the distance of an observation from its mean when the
given dataset follows a t-distribution (Lamotte, 1994).

MGWR 2.2 software (https://sgsup.asu.edu/sparc/multiscale-
gwr) was used to obtain and calibrate the OLS, GWR and MGWR
models. It is worth mentioning that OLS is a generic approach that
estimates the relationship between one or more quantitative inde-
pendent variables and a dependent variable through coefficients
and liner regression equations (Lewis-Beck et al., 2003).However,
the OLS approach does not provide information related to the
varying relationship between independent and dependent variables
over space. As a solution, a technique that permits the estimation
of varying parameter estimates over space, i.e. GWR, was devel-
oped (Rogerson, 2009). Again, the MGWR technique is a modified
version of GWR, where the difference is that GWR calibrates the
regression model at the same spatial scale while MGWR uses dif-
ferent spatial scales. The GWR and MGWR models provide addi-
tional spatial-weighted information about the relationship between
independent and dependent variables. We used GWR and MGWR
in this study because of our interest in understating spatial hetero-

Type-2 diabetes prevalence rate Cases registered by district per 10,000 population 2018-2019*
Median income District level median income (Saudi riyals) 2015*
Population density District level population density 2015%
Walkways Used as dummy variable; 1=Available; 0=Not available 2021
Commercial land use Proportion of commercial land use at the district level 2021
Green areas Proportion of green areas at the district level 2021
65+ population Proportion of the 65+ population at the district level 2015%
Saudi population Proportion of the Saudi population at the district level 2015*
*Adjusted for the year 2021 based on sample registrations.
Table 2. The variable variance inflation factors.
Dependent variable Diabetes prevalence rate -
Income 1.79
Independent variables Population density 1.2
Walkways 1.23
Commercial land use 1.09
Green areas 1.33
65+ population 1.01
Saudi population 1.39

VIF, variance inflation factor.
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geneity of Type-2 diabetes cases in Jeddah and their relationship
with the selected independent variable.

Method comparison

To compare the performance of three proposed models (OLS,
GWR and MGWR), we used the corrected Akaike information cri-
terion (AICc), the adjusted R?, the log-likelihood and the residual
sum of squares (RSS).

The AICc is an indicator of estimation error during the mod-
elling process (Hurvich and Tsai, 1993; Tiwari and Aljoufie, 2021),
where a lower value for a given dataset prompts for a better model
fit, while the adjusted R* modifies the outcome according to the
number of estimators in the model (Miles, 2005; Gelman et al.,
2019) and evaluates the explanatory power of linear regression
models with higher values indicating a better performing model.
The log-likelihood is a measure of model fit that tells you how suit-
able a parameter is in explaining observed values (Ishiguro et al.,
1997), where higher values suggest better model suitability, and
RSS measures the amount of variance in a given dataset that
remains unexplained by the regression model (Morgan and Tatar,
1972). Thus, a lower RSS value shows a better performing model.

Results

Comparing the performance of OLS, GWR and MGWR
(Tables 3 and 4) shows that the lowest AICc value was reached by
the MGWR model and the highest by OLS model, while the OLS
model had the highest.

Overall, the outcome demonstrates that the quality of MGWR

Table 3. General model comparison.

model is better than GWR model, while the GWR model is better
than OLS one. Thus, the comparison supports the choice of the
MGWR and GWR techniques over the traditional OLS approach.

In the global regression model (OLS), four parameters
(income, population density, commercial land use and the propor-
tion of Saudi population stand out (P=<0.05); however, the effect
of providing walkways and green spaces and the proportion of the
65+ aged population was not significant (P>0.05).

Income was found to be positively significant at the global
level. At the local level, the GWR model indicated positive signif-
icance for 70.6% of the districts, which are mostly clustered in the
northern part of Jeddah city. The MGWR model showed positive
significance for all districts (t-score >1.96) (Figure 1).

Also, Saudi population variable was significant in the 26.6%
districts with positive sign that are clustered at the central part of
Jeddah, and population density in 58.7% districts with negative
sign that are clustered in northern, central, southern, and eastern
part of the city (Figures 1-4).

Population density was found to be negatively significant at
the global level and also for 58.7% districts by the GWR model
and all districts by the MGWR model (t-score>1.96) at the local
level (Figure 2). This negative association seems logical as resi-
dents in low-density areas need to drive more distances everyday
which reduces their physical activities, thus contributing to the
prevalence of type-2 diabetes.

The proportion of commercial land use turned also out to be
positively significant at the global level; locally by the GWR
model it was significant for 9.17% districts clustered near the old
city, some parts of northern Jeddah and a district at the eastern
periphery. The MGWR model showed positive significance for all
districts (t-score>1.96) (Figure 3).

cpress

AlCc 253.494 242.944 238.153

Adjusted R2 0.477 0.566 0.624
Log-likelihood —120.335 —102.347 -101.383

RSS 58.059 41.737 41.006

OLS, ordinary least squares; GWR, geographically weighted regression; MGWR, multi-scale GWR.

Table 4. Performance of the models investigated.

Intercept 0 0.072 0 1

Income 0.572 0.075 7.633 0 >1.96 for 70.6% dist. >1.96 for 100% dist.
Population density —0.25 0.091 —2.748 0.006 <1.96 for 58.7% dist. <11.96 for 100% dist.
Walkways —0.075 0.077 —0.974 0.585 Not significant Not significant
Commercial land use ~ 0.185 0.084 2.205 0.027 >1.96 for 9.17% dist. >1.96 for 22.0% dist.
Green spaces —0.081 0.074 —1.087 0.277 Not significant Not significant
65+ population —0.036 0.071 —0.51 0.61 Not significant Not significant
Saudi population 0.149 0.082 1.813 0.04 >1.96 for 26.6% dist. >1.96 for 100% dist.

OLS, ordinary least squares; GWR, geographically weighted regression; MGWR, multi-scale GWR; Est, parameter estimates; dist, districts; SE, standard error; t, t test.
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The percentage of Saudi population was also found to be pos-
itively significant at the global level. At the local level it is signif-
icant for 26.6% districts by the GWR model and all districts by the
MGWR model (t-score>1.96) (Figure 4). This relationship is obvi-
ous as the lifestyle of the Saudi population is comparatively more
comfortable than that of the expatriate population.

A thorough comparison of the three models shows that MGWR
outperformed among all, whereas GWR model performed better
than its classical OLS counterpart (Table 2). Figure 5 demonstrates

pagepress

the distribution of beta coefficients in the local model for Jeddah
which confirms the spatial variability in the fit of predictor vari-
ables for four of the variables (income, population density, commer-
cial land use and the Saudi population). Moreover, GWR model
explained 18.6% more variance than GWR model while MGWR
explained 10.2% more variance than GWR model. In brief, among
local models MGWR model performed better than GWR model,
and GWR model performed better than global OLS model based on
AlCc, Adjusted R2, Log-likelihood, and RSS values.

Local t-scores: Income

A

local t-score for
population density

MGWR

LTI
] 1.

Figure 2. Local t-score for the variable population density modelled by geographically weighted regression (GWR) and multi-scale

GWR (MGWR).
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Discussion

Type-2 diabetes is considered a lifestyle disease, the preva-
lence of which is comparatively high in Saudi Arabia. The problem
of physical inactivity and obesity is common in Saudi cities and
this study explored the spatial heterogeneity of this and other
linked estimators in Jeddah through the application of OLS, GWR
and MGWR models (Figure 5). The global model (OLS) suggests
that income, population density, commercial land uses, and the
characteristics of the Saudi population are significantly associated
with Type-2 diabetes prevalence and this is shown to be supported

P
S

by the two local models GWR and MGWR. This relationship is not
surprising, as many earlier studies found Type-2 diabetes preva-
lence associated with income levels.

Built environment features, such as the availability of adequate
green areas and pedestrian walkways, encourage physical activi-
ties among residents that works as an effective intervention for
Type-2 diabetes management (Aguiar et al., 2014; Wilson et al.,
2014; Glazier et al., 2014). However, green areas were not found
to be significant in all of our models since the per capita availabil-
ity of green areas in Jeddah is low (Aljoufie and Tiwari, 2015b).
Also, most of the districts in Jeddah do not have walkways that
would facilitate physical activity and promote change of lifestyle.

T score for the proprtion
of commercial landuse

MGWR

Figure 3. Local t-score for the variable proportion of commercial land use modelled by geographically weighted regression (GWR) and

multi-scale GWR (MGWR).

fﬁi&,‘/_ 4_
(- §

g= N\

Figure 4. Local t-score for the variable Saudi population modelled by geographically weighted regression (GWR) and multi-scale GWR

(MGWR).
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This study also investigated some socio-economic determi-
nants for the spatial heterogeneity of Type-2 diabetes prevalence
rates in Jeddah. With respect to income, our findings reinforce the
results of Hipp and Chalise (2015) who found this variable to be a
major determinant for the prevalence of Type-2 diabetes. On the
other hand, while a Korean study linked the population above 65
years of age with Type-2 diabetes incidence (Seo and Lee, 2016),
this variable was found to be insignificant in Jeddah according to
our study.

The diversity of land use is a determining factor for Type-2
diabetes control; for example a good mix of commercial land use
promotes walkability (Glazier et al., 2014). However, a negative
association was discovered between commercial land use and the
prevalence of Type-2 diabetes. Although seemingly counter-intu-
itive, this association is logical as access to most of the commercial
areas in Jeddah is car-dependent unlike many cities in Europe
where commercial areas are comparatively more inclined for
pedestrian use. In fact, the majority of commercial establishments

(a) Income

[_[%EREET
Lo ]
[ [EME

({c) Commercial landuse

in Jeddah are accessible by car and this hampers walkability
(Aljoufie and Tiwari, 2020).

In contrast to Hipp and Chalise (2015), who reported popula-
tion density as a non-significant predictor in a nation-wide study in
the U.S., we found this variable to be significantly linked to the
prevalence of Type-2 diabetes. It can happen for two reasons, the
first is that there is a difference in the geographical scale of the two
studies. The earlier study is at the national scale while the later at
a city scale. Secondly, we have experienced that most of the walk-
ways that facilitates walkability are built in medium density dis-
tricts rather in high density districts. However, further research is
recommended on this issue.

In accordance with earlier studies that have confirmed a high
prevalence of Type-2 diabetes among Saudis because of an incli-
nation for a physically less active lifestyle, food habits and genetic
proclivity (Elhadd et al., 2007; Gazzaz, 2020), we noted that the
Saudi population is significantly linked with the presence of Type-
2 diabetes.

IEE
L B e L
‘":_ :": [ T
R o e
e 9 il e
L et
(b} Population density

(d) Saudi population

Figure 5. Beta coefficient for the significant variables modelled by geographically weighted regression (GWR) and multi-scale GWR

(MGWR).
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Conclusions

Our work shows that the GWR and MGWR models provide
strong estimations at the local level in Jeddah, where the latter
model offers additional inferences due to the multiple geographical
scales used in model calibration. Our study is important because it
permits an evidence base for the spatial allocation and optimiza-
tion of resources aimed at Type-2 diabetes control in the city.
Results of this study can be used to design evidence-based policies
on the spatial allocation and optimization of resources to control
Type-2 diabetes in Jeddah and other cities in the Arabian Gulf.
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