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Abstract

Local health status and health care use may be negatively influenced by low local socio-economic profile, population
decline and population ageing. To support the need for targeted local health care, we explored spatial patterns of type 2
diabetes mellitus (T2DM) drug use at local level and determined its association with local demographic, socio-economic and
access to care variables. We assessed spatial variability in these associations. We estimated the five-year prevalence of T2DM
drug use (2005–2009) in persons aged 45 years and older at four-digit postal code level using the University of Groningen
pharmacy database IADB.nl. Statistics Netherlands supplied data on potential predictor variables. We assessed spatial
clustering, correlations and estimated a multiple linear regression model and a geographically weighted regression (GWR)
model. Prevalence of T2DM medicine use ranged from 2.0% to 25.4%. The regression model included the extent of
population ageing, proportion of social welfare/benefits, proportion of low incomes and proportion of pensioners, all
significant positive predictors of local T2DM drug use. The GWR model demonstrated considerable spatial variability in the
association between T2DM drug use and above predictors and was more accurate. The findings demonstrate the added
value of spatial analysis in predicting health care use at local level.
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Introduction

In the near future, local health care use in European regions is

expected to change as a consequence of demographic processes [1]

as well as socio-economic change [2–4]. Firstly, population ageing

increases the overall use of health care [2]. Secondly, regional

socioeconomic polarization, which is strengthened by selective

migration [3], causes growing regional inequalities in health [5].

Areas with population decline are expected to have a lower

socioeconomic status, an older population and higher health care

use at the population level [6].

On the other hand, the availability of services, amongst which is

health care, is expected to decline in these regions [7]. These

processes may result in a mismatch between supply and demand of

health care [8,9]. In order to deal with this mismatch, the

provision of care needs to be carefully planned. By predicting local

health care needs, research can help policy makers to effectively

allocate health care. Spatial analysis targeting health care needs at

local level can be vital in assessing which areas are at risk of

becoming unhealthy and need more care in the future [10].

In this article, we study type 2 diabetes mellitus (T2DM)

medication use as a case study for health care use at local level.

This chronic disease is a major threat to health and has a high

global burden [11–13]. Furthermore, prevention or early diagnosis

of T2DM is expected to reduce health care costs and increase

quality of life [14].

On the individual level, T2DM is associated with lower social

economic status (SES) [3,15–18]. Since regional population

decline and ageing expectedly cause socioeconomic decline, we

hypothesize that T2DM prevalence correlates negatively with SES

and population growth and positively with population ageing. As

the provision of health care may diminish in declining areas, we

add variables pertaining to access to health care to our analysis.

Furthermore, since SES displays clustering [19], it is likely that

T2DM prevalence will display clustering as well. Finally, we

hypothesize that there will be spatial variations in the relation

between T2DM and the predictors at the local level; hence spatial

analysis will have added value in this type of research.

Our objectives are (1) to find the associations between T2DM

medication use at local level on one hand and socioeconomic and

demographic factors and access to care factors on the other hand;

(2) to develop a model that predicts T2DM medication use

prevalence at local level and (3) to examine spatial variability in

T2DM medication use, possible predictor and the relations
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between them. These objectives will help us to demonstrate the

added value of spatial analysis in local health care use.

Data and Methods

Setting
We used the University of Groningen pharmacy database

IADB.nl (for more information see: http://www.iadb.nl), an

outpatient prescription database with approximately 500,000

persons registered at 55 pharmacies in the Northern Netherlands

[20]. Its study population is representative for the Dutch

population and has been used previously for diabetes research

[21]. Each prescription record contains information on the

prescription date; the quantity dispensed, the dose regimen, the

number of days the prescription is valid, the prescribing physician

and the Anatomical Therapeutic Chemical code (ATC code). Due

to high pharmacy-commitment in the Netherlands, the medication

records are expected to be virtually complete at the individual

level, with the exception of over the counter drugs [22]. In

accordance with the Dutch Law for the Protection of Personal

Data (Wet Bescherming Persoonsgegevens) and the Declaration of

Helsinki, patient data is not allowed to leave the pharmacy,

therefore all patient data was depersonalized before entering the

database. Each patient has a unique anonymous identifier. This

study was approved by the IADB.nl advisory board.

Study Area and Study Population
We analyzed aggregate data from 84 four-digit postal codes

around the city of Groningen. In the IADB.nl each patient can be

linked to a location down to the 4 digit postal code of the home

address. However, because some individuals never receive any

medication and others visit a pharmacy not covered in our

database, the database coverage is not complete. To compensate

this, an estimation of database coverage was made. In this

estimation it was assumed that for municipalities in which all

containing pharmacies are participating, the IADB has coverage

of 100 percent. A population-ratio for each 1-year age and sex

group is calculated for these municipalities. This is done by

dividing the number of persons in the database by the total

inhabitants in these areas (as recorded by Statistics Netherlands).

In areas without complete coverage, the equivalent IADB

coverage is estimated by multiplying the amount of persons in

the database by the population-ratio.

In order to increase the validity of our analysis, we pruned 4-

digit postal code areas by the following requirements: postal code

areas need to have a database coverage . = 100 individuals or

. = 25% of the total inhabitants and have at least two neighboring

areas meeting the same criteria in order to be included in the

research.

Our final study area encompassed 84 adjacent postal code areas

situated around the city of Groningen (see Figure 1) and contained

23 pharmacies connected to IADB.nl. Based on data from

Statistics Netherlands we estimate that this study area was

inhabited by an average of 342,493 individuals during the

research period, of whom 260,688 (76%) were in the IADB

coverage. Amongst those, 98,753 were older than 45 and were

used for calculation of our outcome measure.

Outcome Measure
Our outcome measure was the five-year prevalence of type 2

diabetes mellitus (T2DM) medication use in persons 45 and older

in the period of 2005–2009 by the 4-digit postal code area. Since

the focus of this research is health care use, the definition of

T2DM on the basis of medication use is the most relevant

definition. Patients were considered to have T2DM if they

received a prescription of any oral blood glucose lowering drug(s)

(ATC-code starting with A10B). In the Netherlands these

medications are rarely used off-label [23], therefore this definition

is regarded accurate. To exclude patients with type I diabetes, who

are generally younger and have different socio-demographic

characteristics, we only included oral diabetic medication use in

the outcome. Metformin is sometimes prescribed as fertility-

medication. However in the Netherlands this is not standard

practice and by targeting a population older than 45, we expect

the group of patients using metformin for something other than

diabetes to be low.

Prevalence at 4-digit postal code level was determined by

dividing the total number of individuals older than 45 in 2007

receiving a prescription in the period of 2005–2009 by the average

number of individuals older than 45 in 2007 in the estimated

database coverage between 2005 and 2009.

Predictors
Based on the hypotheses discussed in the introduction, we

included 19 potential predictors, encompassing demographic

variables, socio-economic variables and access to care variables.

Data were obtained from the Statline database, made available by

Statistics Netherlands [24].

To account for sex, the proportion of females in each area was

included; to account for age, variables measuring the proportion of

the population older than 60, respectively 80 and the proportion of

pensioners were included; to account for population decline, a

variable for population growth between 2005–2009 was comput-

ed; to account for the extent of population ageing, a variable for

the difference in the proportion of persons over 65 (the legal

pension age in the Netherlands at that time) between 2005 and

2009 was included. Furthermore, population density was calcu-

lated by dividing the number of inhabitants by the surface area of

each postal code. To account for ethnicity, the proportion of

nonwestern immigrants was included. Several variables pertaining

to socioeconomic status were included: proportion of high income

households; proportion of low income households; average income

per person; average residential property value; proportion of the

labor force that was on any form of social welfare or benefits;

proportion of the households on social welfare and proportion of

the households on disability benefits. Furthermore, we included

some predictors pertaining to access to care: average distance to

nearest GP; average amount of GP practices within three

kilometers; average distance to the nearest hospital; average

amount of hospitals within 20 kilometers. Distances are regarded

as distances by road and averaged across all inhabitants in the

area. An overview of variables and the years to which these apply

is given in Table 1.

Predictors pertaining to SES, access to care and pensioners were

only available at neighborhood level; the definition of neighbor-

hood is: ‘part of a municipality with a homogenous socio-

economic structure or planning (e.g. residential, industrial,

recreational)’ [24]. Data for neighborhoods smaller than 50

persons is not made available publicly by Statistics Netherlands, as

information pertaining to individuals might be distilled from this.

To achieve compatibility with our outcome measure, predictors

had to be estimated at 4-digit postal code level. For this we used

the following procedure: missing cases of neighborhoods ,50

individuals were replaced with district values (for proportions) or

estimated using information of other neighborhoods in the district

as well as district values (for absolute values). Neighborhood values

were recalculated into postal code values using a proportional split

Spatial Analysis of Type 2 Diabetes at Local Level
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method [25]. The proportional split method was done in ArcGIS

10.0; a self-written script was used to automate the process.

Statistical Analysis
To explore statistical distributions in the outcome and predictor

variables, we explored the range, mean and standard deviation.

To ascertain the amount of clustering or dispersion of all variables,

spatial autocorrelation was determined through global Moran’s I

in OpenGeoDa 1.0 [26] using a row-standardized spatial weights

matrix based on queen contiguity. The global Moran’s I is an

indicator for spatial autocorrelation and measures whether the

spatial pattern of a variable is clustered, dispersed or random [27].

The Moran’s I value ranges from 21 to 1, where 21 indicates

perfect dispersion and 1 indicates perfect clustering. If the result of

this test is statistically significant, the observed pattern displays

either clustering or dispersion, if the result is not statistically

significant, the spatial pattern is random. [27]. A Local Moran’s I

(LISA) cluster map was created for T2DM medication use

prevalence to determine local clustering. The LISA measures to

what extent each area is surrounded by areas displaying the same

features [27].

In the analytical phase, skewed variables were transformed

exponentially or logarithmically to fit the linear assumption (see

Table 1). We assessed non-spatial and spatial correlation. For our

first research objective, we determined non-spatial correlation

between T2DM prevalence and each of the predictors using

Pearson correlation. To assess colocation between prevalence and

each of the predictors, we calculated the bivariate Moran’s I for

each predictor and prevalence, using OpenGeoDa 1.0. This

measure of spatial correlation shows the association between

prevalence at a given location and the predictor value in

neighboring postal code areas [27].

Our second objective was aimed at finding a model that would

best predict T2DM medication use prevalence at four digit postal

code level, which meant that any combination of predictors was

considered viable, as long as the model was valid. Multiple linear

Figure 1. Five-year prevalence in the study area.
doi:10.1371/journal.pone.0072730.g001
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regression analysis was used to determine the association between

the predictors and the outcome measure. We assessed which

combination of predictors resulted in the best fitted valid model

using the supplementary spatial statistics toolbox for ArcGIS 10.0

(available through ESRI) [28], while testing for normality,

heteroskedasticity, multicollinearity and spatial dependence (using

OpenGeoDa 1.0 for the latter) (see table 2). The residuals of the

model were tested for spatial autocorrelation.

Finally, to address our third objective, we used Geographically

Weighted Regression (GWR) to assess (1) to what extent the

associations we found in the regular multiple linear regression

model varied across the research area and (2) if taking this

variation into account leads to more accurate prediction. The

GWR measures the variation in the B-coefficients across the

research area. A normal linear regression assumes that these

correlations are the same for every area (spatially stationary), but a

GWR assumes that relationships can be stronger in one area than

in another (spatially non-stationary) [29]. The GWR was

estimated using ArcGIS 10.0. To get an indication of the

significance of the predictor coefficients in the GWR, the t-

statistics were calculated by dividing the B-coefficients by their

standard errors. Finally, the residuals of this model were tested for

spatial autocorrelation as well. The GWR was compared to the

multiple linear regression by comparing the sum of the squared

residuals and the adjusted R-square.

Results

Amongst the 98,753 individuals aged 45 and over, the five-year

prevalence of type 2 diabetes mellitus (T2DM) medication use in

the period of 2005–2009 was 13.2 percent. Throughout the

different aggregate postal code areas, T2DM medication use

prevalence ranged from 2.0 percent to 25.4 percent (Figure 1) with

a mean of 11.1 percent and a standard deviation of 5.2 percent.

T2DM medication use displayed a significant spatial pattern

(Moran’s I = 0.13; p = 0.02) with a small amount of clustering. The

LISA revealed two clusters with high prevalence and one cluster

with low prevalence in and around the city of Groningen (see

Figure 1 for locations).

Almost all predictors showed some degree of spatial clustering,

the exception being population growth (Table 1). Predictors

representing access to care demonstrated a high degree of

clustering; these amenities are often located in central or urban

places.

The predictors most strongly correlated with T2DM prevalence

were the proportion of social welfare/benefits (r = 0.55), the

proportions of low and high incomes (r = 0.50 and 20.47,

respectively) and average residential property value (r = 0.45).

Both population growth and the extent of population ageing were

negatively correlated with prevalence. The variables for sex and

age showed no statistically significant correlation.

Many of the predictors that were significantly correlated with

T2DM medication use prevalence, also displayed significant

colocation ( = spatial correlation) with prevalence (Table 1).

However, spatial correlation was lower than non-spatial correla-

tion, indicating that correlation is only partly determined by

location. Although population ageing and population growth were

correlated with T2DM medication use prevalence, there was no

colocation as these variables displayed little spatial autocorrelation.

Some predictor variables displayed colocation with T2DM

medication use prevalence, although non-spatial correlation was

absent. Most of these variables represented access to care.

The final linear prediction model (adjusted R2 = 0.43) included

population ageing, social welfare/benefits, low incomes and

pensioners, which all positively influenced local T2DM prevalence

(Table 2). For population ageing a change in sign occurred

compared to the Pearson correlation, indicating interaction

between predictors. The residuals of this model showed no spatial

autocorrelation.

The GWR model (Figure 2, Table 2) showed that the local

coefficients of most variables varied spatially. The coefficient for

low incomes was fairly stable across the research area and within

the confidence interval of the regular regression model, indicating

a more or less constant relation between T2DM medication use

prevalence and proportion of low incomes across the research

area. Nonetheless the t-values indicate that results in the eastern

part of the research area are less significant. The GWR coefficients

of population ageing, social welfare/benefits and pensioners

exceeded the confidence intervals found in the regular regression.

The proportion of pensioners and population ageing was stronger

associated with T2DM in rural areas than in and around the city

of Groningen, whereas the proportion of social/welfare and

benefits is less important (and significant) in rural areas, but more

in urban areas.

The GWR model demonstrated higher discriminative value

than the multiple regression model (adjusted R2 = 0.45 instead of

0.42), although not for all areas in the model as the local R2

ranged from 0.42 to 0.54. Also, the GWR displayed a better fit

Table 2. Overview of regression results.

Outcome Measure: medication use prevalence over 45

Multiple Linear Regression (Adjusted R2: 0.43) GWR (Adjusted R2: 0.45)

Variable Coefficient Std. Error Probability Range of coefficient

Intercept 210.35*** 3.50 0.004 212.9 – 28.90

Population Ageing 0.48*** 0.15 0.002 0.35–0.93

Social welfare/benefits 0.36*** 0.11 0.002 0.14–0.42

Low incomes 0.24*** 0.07 0.001 0.19–0.25

Pensioners 1.33** 0.52 0.013 0.84–3.34

***significant at 1% confidence level;
**significant at 5% confidence level.
Diagnostics Multiple linear regression: F-statistics: 16.6 (p = 0); Koenker’s studentized Breusch-Pagan Statistic: 3.38 (p = 0.49); Jarque-Bera statistics: 4.17 (p = 0.12);
Multicollinearity condition number: 21.8; Spatial autocorrelation of residuals: Moran’s I: 0.01 (p = 0.74); Langrange multiplier (lag): 0.82 (p = 0.36); Langrange multiplier
(error): 0.08 (p = 0.78).
doi:10.1371/journal.pone.0072730.t002
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(sum of squared residuals = 1064.95 instead of 1196.62). The

residuals of the GWR displayed no spatial autocorrelation.

Discussion

Interpretation of the Findings
The objectives of this study were (1) to find the associations

between T2DM medication use at local level on one hand and

socioeconomic and demographic factors and access to care on the

other hand; (2) to develop a model that predicts T2DM

medication use prevalence at local level and (3) to examine spatial

variability in T2DM, possible predictor and the relations between

them.

With regards to the first objective, we found an association

between SES and type 2 diabetes mellitus (T2DM) medication use

at aggregate level. It seems that although age and sex are relevant

when predicting T2DM at individual level (see for instance [30]),

the differences are less pronounced at an aggregate level. Only the

proportion of pensioners showed a relation with T2DM medica-

tion use at aggregate level.

Demographic change seemed less important as well. As

hypothesized, we observed a negative correlation between

Figure 2. Results of Geographically Weighted Regression.
doi:10.1371/journal.pone.0072730.g002
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population ageing and T2DM at the local level. However, the

relation between population growth/decline and T2DM preva-

lence is weaker than we expected. A possible explanation for this is

that house building is strongly regulated in the Netherlands and

resulting population growth is caused more by planning than by

natural processes at postal code level. A second explanation may

be that our research area does not contain areas designated by

local and national governments as declining regions for which

policy actions are needed to cope with the effects of population

decline [31]. Inclusion of these areas might lead to different

outcomes.

The access to care variables show significant clustering, but little

correlation with T2DM prevalence. An explanation for this could

be the small range of the values of these variables, especially

compared to the national scope [24]. Another explanation could

be that no areas dealing with problems in health care distribution

were included, as our selection was based on people using

pharmacies, which is a form of care.

To meet our second objective, we strove to find the model that

would best predict local T2DM medication use prevalence in our

research area while making use of the available predictors. Our

final model contained two variables relating to SES (proportion of

local incomes and of social welfare and benefits), one to

demographic composition (proportion of pensioners) and one to

demographic change (extent of population ageing). Access to care

variables seemed irrelevant in this multivariate analysis. This

model did not include sex because (a) including this variable would

cause multicollinearity as sex is highly correlated with pensioners

(b) sex showed no relation with T2DM medication use prevalence

in univariate analysis.

To meet our third research objective, variables were explored

spatially and the prediction model was tested for spatial variability.

We hypothesized that T2DM medication use prevalence would be

clustered spatially and that this clustering would be similar in SES

variables. Although many SES variables show a considerable

amount of clustering, clustering of T2DM is limited. There is some

colocation between T2DM prevalence and SES but the non-

spatial correlation is higher.

The low amount of clustering in T2DM prevalence may be

caused by the spatial randomness in population ageing, a predictor

we also found to be associated with prevalence. This randomness

might counterbalance any colocation T2DM prevalence may have

with SES and also decrease the overall clustering of T2DM

prevalence.

When the final prediction model was analyzed with GWR,

spatial variability was found in the associations between T2DM

and these predictors, but also in the significance of these

associations. In general, the GWR model provides a more

accurate prediction than the multiple linear regression model,

thus proving its added value. As the relations in our model vary

across space and as our predictors show specific spatial patterns,

other Dutch areas may yield different models. This advocates

using geographical methods when developing tools for interven-

tion planning.

Our findings are consistent with other studies that found

geographical variation in diabetes, although not always at a local

scale level [32]. The study by Schlundt et al. [33] demonstrates

that mapping and correlating diabetes and possible predictors is

useful, as it helps researchers and policy makers find similarities in

patterns. We found significant spatial clustering for prevalence and

many of the predictors as well, particularly for variables

representing access to care, that could be used to this end.

Furthermore, the studies by Green et al. [34] and Bocquier et al.

[35] demonstrate the use of regression of aggregated area data in

predicting diabetes. Our findings regarding SES and diabetes were

consistent with those in aforementioned studies. However, the fact

that in our model the combination of SES, demographic

composition and demographic change has a higher predictive

power than merely SES variables proves that there is added value

to be found in combining these different concepts when planning

health interventions.

This research was done at a small scale level. Research on

health care use at such a small scale level is particularly suited for

identifying differences in health care use due to, for example,

socioeconomic inequalities across areas [36]. Our findings suggest

that such inequalities may indeed exist in the Netherlands, as the

dimension that seems most important is the socioeconomic status.

There are many ways in which socioeconomic status can relate to

T2DM, often associated with lifestyle. For instance those with a

lower SES may not have a healthy diet or an active lifestyle, as

they can’t afford this or have little knowledge about these matters.

A related factor sometimes mentioned in literature is that those

with a lower SES often have a diminished access to health care

and that his may result in disparities in health across socioeco-

nomic groups [37]. Given that the Netherlands has a universal

health care system, in which every individual has basic insurance

and GP practices are easily accessible [38], this effect should be

minimalized in our study. Although we found very little relations

between physical access to care and T2DM medication use, we

still discovered a negative correlation between T2DM medication

use and SES. This is consistent with studies done on T2DM in

other populations with universal access to health care (see for

instance [39,40]) and it demonstrates that other processes are at

work here, some of which may be targeted by interventions in

certain socioeconomic groups [30,33]. The localized approach we

used in our research could be very helpful in such areas, as it looks

at SES and health care use at a local level. Moreover, the situation

we describe may be different in other areas in the Netherlands,

since our GWR demonstrates that the relation between pensioners

and diabetes varies greatly across space. These variations require

for a more geographical approach in analysis to target areas at

risk.

Strengths and Limitations
This case study is an example on how to predict health care use

at the local level, using spatial analysis. As health care needs to

adapt to population decline, insights from such studies are very

useful in planning future care. SES is something that expresses

itself on this scale level rather than on higher levels, such as

municipalities [41], therefore predictions based on local level data

will be accurate and tailored to the needs of the population.

T2DM is very suitable as a case study as patients are easy to

classify by medication use [16]. Moreover, this illness is amongst

the illnesses that benefit from neighborhood based interventions

[42]; insights from this research could aid the planning of such

interventions.

Although the regular multiple linear regression provides a fairly

accurate prediction model for the research area as a whole, the

GWR is more useful as it illustrates that there is spatial variation in

the associations between outcome measure and predictor vari-

ables. Furthermore in our study the GWR had a higher predictive

power and better fit than the multiple linear regression. This

showcases the added value of spatial analysis.

Another strength of this study is that it makes use of the IADB.nl

database, which is valid and representative for the Dutch

population, and very suitable for epidemiological research [20].

The data obtained from Statistics Netherlands is available

nationwide and for different points in time and is considered to
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be very reliable for scientific research [24]. This makes our

research easily extendable.

In the Netherlands, the average four digit-postal code size in

2007 was approximately 4000 inhabitants [24]. Since our average

postal code size was 4077, our research area is very representative

in this regard. Furthermore, the variability in our outcome

measure T2DM medication use prevalence (2.0% to 25.4%) is

considerable and we deem this to be another strength of this

research. Statistics Netherlands previously measured the unstan-

dardized one-year prevalence of T2DM to be 2.9 percent in 2005–

2008 with a variation of 1.8–4.2 percent between different public

health regions. Since postal codes are much smaller than public

health regions (which generally encompass multiple municipalities

[24]), it’s plausible that our variation was greater and our scale

level should be more accurate in predicting local health care use

[43]. The predictors may not be representative for the Dutch

situation, as data from Statistics Netherlands reveals that our

research area has a lower SES compared to the Dutch average and

that the population lives further from health care than in most

urban areas. A larger range of values within each predictor could

produce different outcomes.

We believe that the possible bias in this study is limited. By

applying strict selection criteria to select a study area, we tried to

limit information bias in our outcome measure, however some of

the samples may still be limited in representativeness as discussed

in the previous paragraph.

Any study using statistics can be influenced by statistical

uncertainty. In our case, not all variables displayed a linear

distribution. We transformed some of the variables logarithmically

or exponentially. However even after transformation, some

distributions were not entirely normally distributed. This is why

we have been mindful of diagnostics for non-normality and we

have no reason to assume that non-normality is a problem in our

regression models.

Secondly, a study using multiple predictor variables has to deal

with correlation between the different variables. In our research

we study many variables relating to SES and also several variables

relating to age and access to care. The fact that some of these

variables are interrelated stands beyond reason. For instance the

proportion of low incomes is highly correlated with the proportion

of high income. In this study we demonstrate that the concepts of

SES and age composition can indeed be used to predict T2DM

medication use. However, that does not mean all variables should

be included when finding the best combination of variables.

During our multivariate analysis we were very careful not to

include variables displaying high multicollinearity. In order to

assess this, we used two tools. Firstly, the exploratory regression

tool in ArcGIS only selects models with low multicollinearity

(variance inflation factor ,7.5). Secondly, we assessed multi-

collinearity in our final model in OpenGeoDa (Multicollinearity

condition number = 21; numbers below 30 are acceptable [27]).

Finally, this study is cross-sectional and consequently only

measures association between the outcome measure and predictors

which are not necessarily causal.

Conclusions and Implications
This study displays the importance of SES and population

ageing in predicting T2DM at the local level. In this research local

regression is preferred over global regression as there is distinct

spatial variability in the associations between T2DM and its

predictors.

Analyzing and predicting medicine use at a local level can be

very useful, as it helps locate areas at risk of becoming unhealthy

[44]. SES characteristics on local level can reflect population

differences in health status and are therefore very useful in

predicting health care use and planning the allocation of care

[45,46]. Moreover, Potential T2DM patients could thus benefit

greatly from lifestyle interventions, as discussed by Schlundt [36].

Our research demonstrate that the local scale level is ideal to target

these patients, therefore policy makers should plan their interven-

tions at the local level. Areas in which intervention is most

profitable may be found by studying local SES, age composition

and population ageing.

Future research can benefit from a localized approach when

explaining or predicting local health care use. In this study we took

spatial analysis a step further than other studies on type 2 diabetes

that used a geographical approach, by examining colocation

besides regular correlation and by estimating a GWR model.

Moreover, we added variables for demographic change. Both of

these aspects have proven to be useful in this study and could be

applied to other epidemiological studies as well. Using spatial

analysis in this type of research is very useful, as it reveals spatial

variation in the relations between health care use and the different

predictors, making the prediction more accurate and tailored to

neighborhoods.
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8. Fésüs G, Rillaers A, Poelman H, Gáková Z (2008) Regions 2020: Demographic

challenges for european regions. Commission of the European Communities.

9. Häkkinen H (2009) Health care challenges in regions with declining and ageing

population. Council of European Municipalities and Regions.

10. Chen SE, Florax RJGM (2010) Zoning for health: The obesity epidemic and

opportunities for local policy intervention. J Nutr 140: 1181S–1184S.

11. Dall TM, Zhang Y, Chen YJ, Quick WW, Yang WG, et al. (2010) The

economic burden of diabetes. Health Aff 29: 297–303.

12. Whiting DR, Guariguata L, Weil C, Shaw J (2011) IDF diabetes atlas: Global

estimates of the prevalence of diabetes for 2011 and 2030. Diabetes Res Clin

Pract 94: 311–321.

13. Beulens JWJ, Grobbee DE, Nealb B (2010) The global burden of diabetes and its

complications: An emerging pandemic. European Journal of Cardiovascular

Prevention & Rehabilitation 17: s3–s8.

14. Ness RB, Andrews EB, Gaudino Jr JA, Newman AB, Soskolne CL, et al. (2009)

The future of epidemiology. Academic Medicine 84: 1631–1637.

15. Brown AF, Ettner SL, Piette J, Weinberger M, Gregg E, et al. (2004)

Socioeconomic position and health among persons with diabetes mellitus: A

conceptual framework and review of the literature. Epidemiol Rev 26: 63–77.

Spatial Analysis of Type 2 Diabetes at Local Level

PLOS ONE | www.plosone.org 8 August 2013 | Volume 8 | Issue 8 | e72730



16. Espelt A, Borrell C, Roskam A, Rodrı́guez-Sanz M, Stirbu I, et al. (2008)

Socioeconomic inequalities in diabetes mellitus across europe at the beginning of
the 21st century. Diabetologia 51: 1971–1979.

17. Everson SA, Maty SC, Lynch JW, Kaplan GA (2002) Epidemiologic evidence

for the relation between socioeconomic status and depression, obesity, and
diabetes. J Psychosom Res 53: 891–895.

18. Robbins JM, Vaccarino V, Zhang H, Kasl SV (2005) Socioeconomic status and
diagnosed diabetes incidence. Diabetes Res Clin Pract 68: 230–236.

19. Morgan BS (1975) The segregation of socio-economic groups in urban areas: A

comparative analysis. Urban Stud 12: 47–60.
20. Tobi H, van den Berg P, de Jong-van den Berg L (2000) The InterAction

database: Synergy of science and practice in pharmacy. Medical Data Analysis :
93–108.

21. Lub R, Denig P, Van Den Berg PB, Hoogenberg K, De Jong-van den Berg
LTW (2006) The impact of new insights and revised practice guidelines on

prescribing drugs in the treatment of type 2 diabetes mellitus. Br J Clin

Pharmacol 62: 660–665.
22. Monster T, Janssen WMT, de Jong PE, de Jong-van den Berg LTW (2002)

Pharmacy data in epidemiological studies: An easy to obtain and reliable tool.
Pharmacoepidemiol Drug Saf 11: 379–384.

23. Vinks TH, De Koning FH, de Lange TM, Egberts TC (2006) Identification of

potential drug-related problems in the elderly: The role of the community
pharmacist. Pharmacy World and Science 28: 33–38.

24. Statistics Netherlands (2013) Statline. 2012. Available: http://statline.cbs.nl.
25. Schlossberg M (2003) GIS, the US census and neighbourhood scale analysis.

Planning, Practice & Research 18: 213–217.
26. Anselin L, Syabri I, Kho Y (2006) GeoDa: An introduction to spatial data

analysis. Geographical Analysis 38: 5–22.

27. Anselin L (2004) Exploring spatial data with GeoDaTM: A workbook. Urbana:
University of Illinois, Urbana Champaign. 226p.

28. Rosenshein L (2010) Supplementary spatial statistics toolbox for ArcGIS 10.
Available: http://resources.arcgis.com/gallery/file/geoprocessing/

details?entryID = 8E548CF9-1422-2418-8855-2ED418793771. Accessed July

13 2012.
29. Fotheringham AS, Brunsdon C (1999) Local forms of spatial analysis. Geogr

Anal 31: 340–358.
30. McKinlay J, Marceau L (2000) US public health and the 21st century: Diabetes

mellitus. The Lancet 356: 757–761.
31. Dutch Government, council of municipalities, Inter-provincial council (2009)

Interbestuurlijk actieplan bevolkingsdaling: Krimpen met kwaliteit [inter-

administrative action plan population decline: Shrinking with quality]. Ministry
of Interior and Kingdom relations.

32. Ford ES, Mokdad AH, Giles WH, Galuska DA, Serdula MK (2005) Geographic

variation in the prevalence of obesity, diabetes, and obesity-related behaviors.
Obes Res 13: 118–122.

33. Schlundt DG, Hargreaves MK, McClellan L (2006) Geographic clustering of

obesity, diabetes, and hypertension in nashville, tennessee. J Ambulatory Care
Manage 29: 125–132.

34. Green C, Hoppa RD, Young TK, Blanchard J (2003) Geographic analysis of
diabetes prevalence in an urban area. Soc Sci Med 57: 551–560.

35. Bocquier A, Cortaredona S, Nauleau S, Jardin M, Verger P (2011) Prevalence of

treated diabetes: Geographical variations at the small-area level and their
association with area-level characteristics. A multilevel analysis in southeastern

france. Diabetes Metab 37: 39–46.
36. Cooper RA, Cooper MA, McGinley EL, Fan X, Rosenthal JT (2012) Poverty,

wealth, and health care utilization: A geographic assessment. Journal of Urban
Health : 1–20.

37. Andrulis DP (1998) Access to care is the centerpiece in the elimination of

socioeconomic disparities in health. Ann Intern Med 129: 412–416.
38. Westert G, Schellevis F, de Bakker DD, Groenewegen P, Bensing J, et al. (2005)

Monitoring health inequalities through general practice: The second dutch
national survey of general practice. The European journal of public health 15:

59–65.

39. Booth GL, Hux JE (2003) Relationship between avoidable hospitalizations for
diabetes mellitus and income level. Arch Intern Med 163: 101–106.

40. Rabi DM, Edwards AL, Southern DA, Svenson LW, Sargious PM, et al. (2006)
Association of socio-economic status with diabetes prevalence and utilization of

diabetes care services. BMC Health Services Research 6: 124–131.
41. Sampson RJ (2003) The neighborhood context of well-being. Perspect Biol Med

46: S53–S64.

42. Uusitupa M, Tuomilehto J, Puska P (2011) Are we really active in the prevention
of obesity and type 2 diabetes at the community level? Nutrition, Metabolism

and Cardiovascular Diseases 21: 380–389.
43. Schuurman N, Bell N, Dunn JR, Oliver L (2007) Deprivation indices,

population health and geography: An evaluation of the spatial effectiveness of

indices at multiple scales. Journal of urban health 84: 591–603.
44. Ryan K, Norris P, Becket G (2005) Capturing data on medicines usage: The

potential of community pharmacy databases. NZ Med J 118: U1677.
45. Hofer TP, Wolfe RA, Tedeschi PJ, McMahon LF, Griffith JR (1998) Use of

community versus individual socioeconomic data in predicting variation in
hospital use. Health Serv Res 33: 243–259.

46. Cheng CL, Chen YC, Liu TM, Kao-Yang YH (2011) Using spatial analysis to

demonstrate the heterogeneity of the cardiovascular drug-prescribing pattern in
Taiwan. BMC Public Health 11: 380.

Spatial Analysis of Type 2 Diabetes at Local Level

PLOS ONE | www.plosone.org 9 August 2013 | Volume 8 | Issue 8 | e72730


