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Section S1. Detailed Description of Built and Natural Environmental Exposures 

Measures of the neighbourhood built and natural environment were generated using 

ESRI’s ArcGIS v.10.5 software (ESRI, Redlands). Participants’ residential addresses were 

geocoded and 1-km untrimmed street-network buffers were created around the geocoded 

locations following procedures employed in international studies of neighbourhood en-

vironmental determinants of health-related behaviours and obesity in adults and older 

adults [1–3]. A 1–km radius was used to create residential buffers because it corresponds 

to the distance that adults and older adults without mobility problems can cover in a 10-

20 minute walk [1], and the latter is commonly used to define a neighbourhood [4,5]. 

Four built environment measures were computed for each participant’s residential 

buffer. These included population density, street intersection density, percentage of com-

mercial land use and an entropy score denoting the heterogeneity of non-commercial land 

use. Population density, here defined as the number of persons per hectare, was derived 

using the Australian Bureau of Statistics (ABS) Mesh Block data from the 2011 Census [6]. 

Mesh Blocks are the smallest geographical areas defined by the ABS for which Census 

data are available. Population density was selected as an environmental exposure of in-

terest because it is the primary driver of changes in the built environment [7,8] and is 

consistently linked to active transport [9]. It may also facilitate social activities and confer 

associated cognitive benefits [10]. Street intersection density, defined as the number of ≥3-

way intersections per km2, was computed using road network data derived from the 

PSMA Australia’s 2012 Transport & Topography dataset [11]. As this neighbourhood fea-

ture provides easier access to public transport and destinations, it is deemed to facilitate 

walking and engagement in cognition-enhancing activities [7]. However, it may also re-

sult in greater personal exposure to air pollution in trafficked areas and, hence, harm res-

idents’ well-being [12]. The percentage of buffer area devoted to commercial land use was 

derived from 2011 ABS data on the main planned land use for Mesh Blocks [13]. Commer-

cial land uses that support good service provision, such as shops and supermarkets pro-

vide destinations for various activities [8,9]. A land use entropy score or land use mix 

ranging from 0 to 1 [14] and denoting the heterogeneity of non-commercial five land use 

categories (i.e., residential, industrial, medical, educational and other land uses from 2011 

ABS Mesh Block data)[13] was computed to quantify accessibility of various non-commer-

cial destinations that may promote active transport and engagement in activities [7,15].  

Two natural environment measures were included in this study: percentage of resi-

dential buffer area covered by parkland derived from 2011 ABS Mesh Block data [13] and 

percentage of buffer area cover by waterbodies or blue spaces (e.g., lakes, coastlines, rivers 

and reservoirs) derived from national topographic spatial data for surface water features 

sourced from Geoscience Australia [16]. Access to parks has been relatively consistently 

associated with higher levels of physical activity [8,9], better mental health [17], more so-

cial contacts [18] and, in some studies, better cognitive function [19]. Green spaces also 

mitigate ambient air pollution [20]. Access to fresh water and navigable waterbodies are 
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of crucial importance to humans [21,22]. A few studies have also found blue space acces-

sibility to promote physical activity [23] and better mental health [24] due to its restorative 

properties (e.g., stress reduction) [25] and its role in promoting social interactions [26]. 

Section S2. Detailed Description of Analytical Steps 

Descriptive statistics and percentage of missing values were computed for all varia-

bles. Over 17% of cases had missing data on at least one variable and 4.5% on more than 

three variables. Predictors of missingness (the odds of having incomplete data on any of 

the examined variables) were determined using generalized linear mixed models with 

binomial variance and logit link functions and random intercepts at the Statistical Area 1 

(SA1) level. The odds of having missing data were higher in older participants (p < .001), 

those of non-English speaking background (p < .001), with lower household income 

(p=.022), not working or volunteering (p = .008), living in areas with lower socio-economic 

status (p=.030) and with lower scores on the memory test (p = .036). Missingness was also 

more prevalent in people for whom access to services was an important reason for living 

in their neighbourhood (p = .040) and those living in areas with higher population density 

(p < .001), lower street intersection density (p = .010) and lower concentrations of PM2.5 (p 

< .001). As data were at least missing at random (MAR) rather than missing completely at 

random (MCAR), ten imputed datasets were created for the regression analyses as recom-

mended by Rubin [26] and van Buuren [27]. Multiple imputations by chained equations 

were performed following currently recommended model-building and diagnostic pro-

cedures [27] and using the package ‘mice’ [28] in R version 4.0.0 [29]. 

The aim of this study was to examine the extent to which the potential effects of 

neighbourhood environment characteristics on cognitive function are explained by cardi-

ometabolic risk factors. Generalised additive mixed models (GAMMs; package ‘mgcv’ 

version 1.8.22 [30] in R) with random intercepts at the SA1 level were used for this purpose 

to account for curvilinear relationships of unknown form and spatially correlated data 

[30]. Here, the meaning of ‘effect’ needs to be interpreted in the context of the cross-sec-

tional observational nature of the study with possible unmeasured confounders. Directed 

acyclic graphs (DAGs) were used to inform the selection of a minimal sufficient set of 

confounders to be included in the GAMMs estimating exposure-mediators and media-

tors-outcomes relationships (Figure S1). The DAGs were based on the hypothesised causal 

effects among the variables according to previous studies (see Introduction/Background 

and Methods sections in the paper and explanation below) and the authors’ expert opin-

ion. Potential multicollinearity was assessed by computing the Variance Inflation Factor 

(VIF) for each variable included in the GAMMs. All VIFs were smaller than 2.58, indicat-

ing no collinearity issues [31]. Analyses were conducted in several steps described below. 

Mediated and direct effects of neighbourhood environmental characteristics on cognitive function 

Mediation was examined using the joint-significance test [7,32] according to which 

data support mediation if the associations (regression coefficients) between an exposure 

and its mediator(s) and the exposure-adjusted associations between the mediator(s) and 

the outcome are both statistically significant (p < .05). This was done in several steps. Given 

that our analyses considered potential causal effects among environmental characteristics, 

we first estimated the confounder-adjusted total effects of each environmental variable on 

each cardiometabolic risk factor (Table S1). Here, ‘total effect’ refers to the sum of effects 

mediated and unmediated by other environmental variables and is estimated by exclud-

ing from the regression model those environmental characteristics that are deemed to be 

in the pathway between the environmental exposure of interest and the response variable 

(outcome or mediator) (steps 1Ta to 1Th; the letter ‘T’ refers to ‘total effect’). GAMMs with 

Gaussian variance and identity link functions were used to model waist circumference, 

LDL cholesterol and mean arterial pressure, while Gamma variance and logarithmic link 

functions were used to model the remaining cardiometabolic risk factors. Curvilinear as-

sociations were estimated using smooth terms modelled with thin plate splines [30]. If the 

data did not provide sufficient evidence of a curvilinear association, smooth terms were 
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replaced by linear terms. Model selection (linear vs. curvilinear effect) was based on 

Akaike Information Criterion (AIC) values, where a lower AIC was indicative of a better-

fitting model. A median ≥5-unit difference in AIC across all imputed datasets was used as 

the criterion for linear vs. curvilinear effect selection [33,34]. 

In step 2, we estimated the direct effects of specific environmental attributes on other 

environmental attributes. This entailed regressing street intersection density, percentage 

of commercial land and land use mix (5 non-commercial land uses) onto population den-

sity (step 2Da in Table S1; the letter ‘D’ refers to ‘direct effect’) for the reasons explained 

in the Introduction/Background of the paper. Environmental characteristics potentially 

influencing the percentage of parkland in residential buffers were examined in step 2Db 

and those of air pollutants were assessed in step 2Dc. Increases in population density 

above a certain threshold, and the resulting expansion of residential, commercial, indus-

trial and similar land uses, were hypothesised to lead to a reduction in parkland [7]. Ac-

tivities resulting from higher levels of population density, street intersection density, com-

mercial land and similar land uses were hypothesised to yield an increase in air pollution 

[35], while the proportion of parkland was hypothesised to mitigate air pollution levels 

[20]. 

In step 3, we estimated the ‘direct effects’ of environmental characteristics on the car-

diometabolic risk factors (i.e., unmediated by other environmental variables) by including 

in the regression models all environmental characteristics hypothesised to mediate the 

effects of the environmental exposure of interest on the response variable. As we hypoth-

esised that adiposity (waist circumference) would be a determinant of other cardiometa-

bolic risk factors [36,37], we also estimated the direct effects of waist circumference on 

other cardiometabolic risk factors adjusted for all environmental variables (steps 3Da to 

3Df in Table S1). In this step, we also examined whether taking medications for a specific 

cardiometabolic risk factor moderated the associations of environmental characteristics, 

waist circumferences with the cardiometabolic risk factor. 

Step 4 of the mediation analyses estimated the direct effects of environmental attrib-

utes and cardiometabolic risk factors on the two measures of cognitive function (step 4D 

in Table S1). Medications for diabetes, hypertension and dyslipidaemia were considered 

as potential moderators of specific direct or indirect effects of environmental factors on 

cognitive function. The impact of cardiometabolic risk factors and their environmental 

determinants on cognitive function may depend on whether a person is taking medica-

tions for cardiometabolic conditions [38].  
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Figure S1. Directed acyclic graph (DAG) depicting the hypothesised relations between neighbour-

hood attributes, cardiometabolic risk factors and cognitive function. Through the DAG, we identi-

fied which covariates to include in the statistical analyses to sufficiently control for potential con-

founders. This particular DAG was used to inform the model of the total effect of percentage of 

parkland in the neighbourhood on mean arterial pressure (blood pressure). Variables with red cir-

cles denote the set of potential confounders. A minimal sufficient set of confounders (included in 

the regression models) is a subset of this set of variables. 

Table S1. Outline of regression analyses. 

Estimation of Total Effects of Neighbourhood Environmental Attributes on CardiometabolicR Factors 

Step Exposure(s) / effect(s) Covariates Regression models 

1Ta* Population density 

(persons/hectare) 

Age, sex, English-speaking background, living 

arrangements, educational attainment, area-

level IRSAD, residential self-selection related 

to access to destinations 

Six separate sets of GAMMs (one 

GAMM with a linear and another with 

a smooth term for the environmental 

attribute), one set for each 

cardiometabolic risk factor. GAMMs 

with Gaussian variance and identity 

link functions for waist circumference, 

LDL cholesterol and mean arterial 

pressure. GAMMs with Gamma 

variance and logarithmic link function 

for HDL cholesterol, glycated, 

triglycerides and glycated 

haemoglobin. 

1Tb* Street intersection density 

(intersections/km2) 

Age, sex, English-speaking background, 

educational attainment, population density, 

area-level IRSAD 

As above 

1Tc* Percentage of commercial land use 

(% area in residential buffer) 

Age, sex, English-speaking background, 

educational attainment, population density, 

area-level IRSAD, residential self-selection 

related to access to destinations 

As above 

1Td* Land use mix (entropy score of 5 

non-commercial land uses)  

Age, sex, English-speaking background, 

educational attainment, population density, 

area-level IRSAD, residential self-selection 

related to access to destinations 

As above 
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1Te* Percentage of parkland (% of area 

in residential buffer) 

Age, sex, English-speaking background, 

educational attainment, population density, 

percentage of commercial land use, land use 

mix (5 non-commercial land uses), area-level 

IRSAD, residential self-selection related to 

recreational facilities 

As above 

1Tf* Percentage of blue space (% of area 

in residential buffer) 

Age, sex, English-speaking background, 

educational attainment, area-level IRSAD, 

residential self-selection related to recreational 

facilities, household income 

As above 

1Tg* Annual average NO2 exposure 

(ppb) 

Age, sex, English-speaking background, 

educational attainment, area-level IRSAD, 

population density, street intersection density, 

percentage of commercial land use, land use 

mix (5 non-commercial land uses), percentage 

of parkland, residential self-selection related 

to recreational facilities 

As above 

1Th* Annual average PM2.5 exposure 

(μg/m3) 

Age, sex, English-speaking background, 

educational attainment, area-level IRSAD, 

population density, street intersection density, 

percentage of commercial land use, land use 

mix (5 non-commercial land uses), percentage 

of parkland, residential self-selection related 

to recreational facilities 

As above 

Estimation of Direct and Mediated Effects of Neighbourhood Environmental Attributes on two Measures of Cognitive 

Function 

2Da Direct effect of population density 

[exposure 1] on street intersection 

density, percentage of commercial 

land and land use mix (5 land uses) 

[exposures 2]  

Age, educational attainment, English-

speaking background; residential self-

selection related to access to destinations for 

percentage of commercial land use and land 

use mix 

Three separate GAMMs, one for each 

environmental attribute (i.e., 

exposures 3). GAMMs with Gamma 

variance and logarithmic link 

functions. 

2Db Direct effect of population density 

[exposure 1], percentage of 

commercial land and land use mix 

(5 non-commercial land uses) 

[exposures 2] on percentage of 

parkland [exposure 3]  

Age, educational attainment, English-

speaking background, residential self-

selection related to recreational facilities 

A single GAMM with Gamma 

variance and logarithmic link 

functions. 

2Dc Direct effect of exposures 1-3 on 

two measures of air pollution 

[exposures 4] 

Age, educational attainment, English-

speaking background, residential self-

selection related to recreational facilities 

Two separate GAMMs, one for each 

air pollution measure (i.e., exposures 

4). GAMMs with Gaussian variance 

and identity link function for PM2.5 

and Gamma variance and logarithmic 

link function for NO2. 

3Da Direct effects of exposures 1-4 on 

waist circumference 

[cardiometabolic risk factor 1]  

Age, educational attainment, sex, English-

speaking background, household income, 

area-level IRSAD, living arrangements, 

work/volunteer status, smoking status, 

residential self-selection related to access to 

destinations and recreational facilities 

 

A single GAMM with Gaussian 

variance and identity link functions.  

3Db* Direct effects of exposures 1-4 and 

waist circumference 

[cardiometabolic risk factor 1] on 

HDL cholesterol [cardiometabolic 

risk factor 2] 

Age, educational attainment, sex, English-

speaking background, household income, 

area-level IRSAD, living arrangements, 

work/volunteer status, smoking status, 

residential self-selection related to access to 

destinations and recreational facilities 

 

A single GAMM with Gamma 

variance and logarithmic link 

functions. 
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3Dc* Direct effects of exposures 1–4 and 

waist circumference 

[cardiometabolic risk factor 1] on 

LDL cholesterol [cardiometabolic 

risk factor 3]  

Age, educational attainment, sex, English-

speaking background, household income, 

area-level IRSAD, living arrangements, 

work/volunteer status, smoking status, 

residential self-selection related to access to 

destinations and recreational facilities 

 

A single GAMM with Gaussian 

variance and identity link functions. 

3Dd* Direct effects of exposures 1–4 and 

waist circumference 

[cardiometabolic risk factor 1] on 

triglycerides [cardiometabolic risk 

factor 4] 

Age, educational attainment, sex, English-

speaking background, household income, 

area-level IRSAD, living arrangements, 

work/volunteer status, smoking status, 

residential self-selection related to access to 

destinations and recreational facilities 

 

A single GAMM with Gamma 

variance and logarithmic link 

functions. 

3De* Direct effects of exposures 1–4 and 

waist circumference 

[cardiometabolic risk factor 1] on 

glycated haemoglobin 

[cardiometabolic risk factor 5] 

Age, educational attainment, sex, English-

speaking background, household income, 

area-level IRSAD, living arrangements, 

work/volunteer status, smoking status, 

residential self-selection related to access to 

destinations and recreational facilities 

 

A single GAMM with Gamma 

variance and logarithmic link 

functions. 

3Df* Direct effects of exposures 1-4 and 

waist circumference 

[cardiometabolic risk factor 1] on 

mean arterial pressure 

[cardiometabolic risk factor 6]  

Age, educational attainment, sex, English-

speaking background, household income, 

area-level IRSAD, living arrangements, 

work/volunteer status, smoking status, 

residential self-selection related to access to 

destinations and recreational facilities 

A single GAMM with Gaussian 

variance and identity link functions. 

    

4D*1 Direct effects of exposures 1–4 and 

cardiometabolic risk factors 1–6 on 

two measures of cognitive function 

(memory and processing speed) 

[outcomes] 

Age, sex, educational attainment, English-

speaking background, household income, 

living arrangements, work/volunteer status, 

smoking status, history of heart problems / 

stroke, residential self-selection related to 

access to destinations and recreational 

facilities, area-level IRSAD 

 

Two separate sets of GAMMs (one 

GAMM with a linear and another with 

a smooth term for the environmental 

attribute), one set for each cognitive 

outcome. GAMMs with Gaussian 

variance and identity link functions 

for CVLT and SDMT. 

Note. IRSAD, Index of Relative Social Advantage and Disadvantage; GAMM, generalised additive 

mixed model; HDL, high-density lipoprotein; LDL, low-density lipoprotein; “T” in the Step col-

umn refers to “total effect”, while “D” refers to “direct effect”. * The moderating effects of medica-

tions for a specific cardiometabolic risk factor on environment-cardiometabolic risk factor associa-

tions were examined by adding two-way interaction terms.*1 The moderating effect of medications 

for a specific cardiometabolic risk factor on environment-cognition and cardiometabolic risk fac-

tor-cognition associations and were examined by adding two-way interaction terms. 

Section S3. Supplementary results 

Table S2 reports the results of the GAMMs estimating the relationships between 

neighbourhood environmental characteristics. Figures S2 to S4 depict the curvilinear re-

lationships mentioned in Table S2. 

Table S2. Relationships between neighbourhood environmental variables. 

Models Direct Effect of … …on (Response Variable)  Statistic Statistic Values p-Value 

2Da.1 Population density (person/ha) Street intersection density 

(intersections/km2) 

F-ratio (df1, df2) 341.82 (8.72, 4131.28) 

see Figure S2A 

<.001 

2Da.2  Percentage of commercial 

land 

F-ratio (df1, df2) 24.71 (6.37, 4132.63) 

see Figure S2B 

<.001 

2Da.3  Non-commercial land use 

mix 

F-ratio (df1, df2) 10.53 (4.85, 4134.15) 

see Figure S2C 

<.001 



Toxics 2022, 10, 23; https://doi.org/10.3390/toxics10010023 S7 of S12 

 

2Db Population density (person/ha)  Percentage of parkland F-ratio (df1, df2) 13.88 (2.98, 4134.02) 

see Figure S2D 

<.001 

 Percentage of commercial land  eb (95% CI) 0.997 (0.992, 1.003) .306 

 Non-commercial land use mix 

(entropy score) 

 eb (95% CI) 
0.691 (0.538, 0.888) 

.004 

2Dc.1 Population density (person/ha)  NO2 (ppb) F-ratio (df1, df2) 72.83 (7.05, 4124.05) 

see Figure S3A 

<.001 

 Street intersection density 

(intersections/km2) 

 F-ratio (df1, df2) 11.45 (1.98, 4124.05) 

see Figure S5 (left 

panel) 

<.001 

 Non-commercial land use mix 

(entropy score) 

 F-ratio (df1, df2) 44.76 (2.93, 4124.05) 

see Figure S5 (right 

panel) 

<.001 

 Percentage of commercial land   eb (95% CI) 1.006 (1.005, 1.007) <.001 

 Percentage of parkland  eb (95% CI) 1.0010 (1.0005, 1.0015)  <.001 

2Dc.2 Population density (person/ha)  PM2.5 (μg/m3) F-ratio (df1, df2) 9.94 (6.88, 4127.12) 

see Figure S3B 

<.001 

 Street intersection density 

(intersections/km2) 

 b (95% CI) -0.0001 (-0.0006, 

0.0004) 

.718 

 Non-commercial land use mix 

(entropy score) 

 b (95% CI) 
0.093 (0.030, 0.153) 

.004 

 Percentage of commercial land  b (95% CI) 0.004 (0.003, 0.006) <.001 

 Percentage of parkland  b (95% CI) 0.002 (0.001, 0.002) <.001 

Notes: F-ratio, F-ratio for smooth term defining a curvilinear relationship; df = degrees of freedom; 

b, regression coefficient; CI, confidence interval; eb, exponentiated regression coefficient (from 

GAMMs with Gamma variance and logarithmic link function); in bold are effects significant at the 

probability level of 0.05. 
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Figure S2. Curvilinear relationships of population density with street intersection density (A), percentage of commercial land use 

(B), non-commercial land use mix (C) and percentage parkland (D) in 1km residential buffers. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S3. Curvilinear relationships of population density with average annual concentrations of NO2 (A) and PM2.5 (B). 
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Figure S4. Curvilinear relationships of street intersection density (A) and non-commercial land use mix (B) with average annual 

concentrations of NO2. 

Table S3 shows the results of the GAMMs estimating the direct effects of neighbour-

hood environmental characteristics on cardiometabolic risk factors. Here, the results are 

presented in the original units of the environmental variables, while the results presented 

in the main manuscript have been rescaled (e.g., a unit of 10 persons/ha rather than 1 

person/ha for population density) to avoid reporting small values for the regression coef-

ficients. 

Table S3. Relationships between neighbourhood environmental characteristics and cardiometabolic risk factors – direct effects. 

Models Direct effect of … … on (response variable)  Statistic Statistic values p-value 

3Da Population density (person/ha)  Waist circumference (cm) b (95% CI) -0.044 (-0.112, 0.024) .206 

 Street intersection density 

(intersections/km2) 

b (95% CI) 0.003 (-0.015, 0.020) .752 

 Percentage of commercial land b (95% CI) 0.006 (-0.080, 0.067) .869 

 Non-commercial land use mix 

(entropy score) 

 b (95% CI) -0.068 (-3.888, 3.752) .972 

 Percentage of parkland  b (95% CI) -0.020 (-0.058, 0.018) .293 

 Percentage of blue space  b (95% CI) -0.322 (-0.526, -0.118) .002 

 NO2 (ppb)  b (95% CI) 0.037 (-0.265, 0.339) .811 

 PM2.5 (μg/m3)  b (95% CI) 0.347 (0.047, 0.646) .024 

3Db Population density (person/ha)  HDL cholesterol  

(mg/dL) 

eb (95% CI) 0.9998 (0.9985, 1.0010) .713 

 Street intersection density 

(intersections/km2) 

eb (95% CI) 1.0003 (1.0000, 1.0006) .048 

 Percentage of commercial land  eb (95% CI) 0.9991 (0.9978, 1.0005) .200 

 Non-commercial land use mix 

(entropy score) 

 eb (95% CI) 0.953 (0.888, 1.023) .183 

 Percentage of parkland  eb (95% CI) 0.9994 (0.9987, 1.0001) .094 

 Percentage of blue space  eb (95% CI) 1.001 (0.998, 1.005) .446 

 NO2 (ppb)  eb (95% CI) 0.999 (0.993, 1.004) .675 

 PM2.5 (μg/m3)  eb (95% CI) 0.993 (0.986, 0.998) .030 

 Waist circumference (cm)   eb (95% CI) 0.994 (0.993, 0.995) <.001 

3Dc Population density (person/ha)  LDL cholesterol (mg/dL) b (95% CI) -0.003 (-0.007, 0.001) .130 

 Street intersection density 

(intersections/km2) 

 b (95% CI) 0.001 (0.00002, 0.002) .045 

 Percentage of commercial land  b (95% CI) -0.002 (-0.006, 0.002) .329 

 Non-commercial land use mix 

(entropy score) 

 b (95% CI) 0.139 (-0.074, 0.352) .200 

 Percentage of parkland  b (95% CI) -0.002 (-0.004, -0.0001)  .046 

A B 
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 Percentage of blue space  b (95% CI) -0.006 (-0.018, 0.006) .319 

 NO2 (ppb)  b (95% CI) -0.002 (-0.019, 0.014) .780 

 PM2.5 (μg/m3)  b (95% CI) 0.0159 (0.0001, 0.0319) .049 

 Waist circumference (cm)   b (95% CI) 0.002 (0.001, 0.004) .009 

3Dd Population density (person/ha)  Triglycerides (mg/dL) eb (95% CI) 0.998 (0.996, 1.001) .313 

 Street intersection density 

(intersections/km2) 

 eb (95% CI) 1.0007 (1.0001, 1.0014) .039 

 Percentage of commercial land  eb (95% CI) 1.001 (0.999, 1.004) .331 

 Non-commercial land use mix 

(entropy score) 

 eb (95% CI) 1.057 (0.920, 1.219) .428 

 Percentage of parkland  eb (95% CI) 1.001 (0.999, 1.002) .365 

 Percentage of blue space  eb (95% CI) 1.003 (0.994, 1.011) .606 

 NO2 (ppb)  eb (95% CI) 0.998 (0.987, 1.009) .684 

 PM2.5 (μg/m3)  eb (95% CI) 1.006 (0.995, 1.017) .324 

 Waist circumference (cm)  eb (95% CI) 1.012 (1.010, 1.013) <.001 

3De Population density (person/ha)  Glycated haemoglobin 

(mmol/mol) 

eb (95% CI) 1.001 (0.999, 1.002) .194 

 Street intersection density 

(intersections/km2) 

eb (95% CI) 1.000 (0.9998, 1.0002) .738 

 Percentage of commercial land  eb (95% CI) 0.999 (0.998, 1.001) .202 

 1. Non-commercial land use 

mix (entropy score) 
 eb (95% CI) 0.955 (0.887, 1.028) .215 

 Percentage of parkland  eb (95% CI) 1.000 (0.997, 1.0004) .801 

 Percentage of blue space: in 

those without diabetes medication 

 eb (95% CI) 0.9998 (0.998, 1.002) .840 

 Percentage of blue space: in 

those with diabetes medication 

 eb (95% CI) 0.985 (0.973, 0.998) <.001 

 NO2 (ppb)  eb (95% CI) 1.004 (1.001, 1.006) .007 

 PM2.5 (μg/m3)  eb (95% CI) 1.000 (0.997, 1.003) .964 

 Waist circumference (cm)  eb (95% CI) 1.0018 (1.0016, 1.0021) <.001 

3Df Population density (person/ha)  Mean arterial blood 

pressure (mmHg) 

b (95% CI) -0.125 (-0.183, -0.066) <.001 

 Street intersection density 

(intersections/km2) 

b (95% CI) 0.055 (0.040, 0.070) <.001 

 Percentage of commercial land  b (95% CI) 0.045 (-0.018, 0.109) .160 

 Non-commercial land use mix 

(entropy score) 

 b (95% CI) 4.532 (1.247, 7.819) .007 

 Percentage of parkland  b (95% CI) -0.007 (-0.040, 0.026) .671 

 Percentage of blue space  b (95% CI) -0.059 (-0.237, 0.119) .516 

 NO2 (ppb)  b (95% CI) -0.397 (-0.655, -0.139) .003 

 PM2.5 (μg/m3)   b (95% CI) 0.255 (0.002, 0.513) .048 

 Waist circumference (cm)  b (95% CI) 0.209 (0.182, 0.237) <.001 

Note. b, regression coefficient; CI, confidence interval; eb, exponentiated regression coefficient 

(from GAMMs with Gamma variance and logarithmic link function); in bold are effects significant 

at the probability level of 0.05. 
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