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Abstract: Associations between local-area residential features and glycosylated hemoglobin (HbA1c)
may be mediated by individual-level health behaviors. Such indirect effects have rarely been tested.
This study assessed whether individual-level self-reported physical activity mediated the influence
of local-area descriptive norms and objectively expressed walkability on 10-year change in HbA1c.
HbA1c was assessed three times for adults in a 10-year population-based biomedical cohort (n = 4056).
Local-area norms specific to each participant were calculated, aggregating responses from a separate
statewide surveillance survey for 1600 m road-network buffers centered on participant addresses
(local prevalence of overweight/obesity (body mass index ≥25 kg/m2) and physical inactivity
(<150 min/week)). Separate latent growth models estimated direct and indirect (through physical
activity) effects of local-area exposures on change in HbA1c, accounting for spatial clustering and
covariates (individual-level age, sex, smoking status, marital status, employment and education,
and area-level median household income). HbA1c worsened over time. Local-area norms directly and
indirectly predicted worsening HbA1c trajectories. Walkability was directly and indirectly protective
of worsening HbA1c. Local-area descriptive norms and walkability influence cardiometabolic risk
trajectory through individual-level physical activity. Efforts to reduce population cardiometabolic
risk should consider the extent of local-area unhealthful behavioral norms and walkability in tailoring
strategies to improve physical activity.

Keywords: physical activity; cardiometabolic disease; residential environments; descriptive norms;
built environment; walkability; mediation; glycosylated hemoglobin

1. Introduction

In efforts to improve population health relating to chronic disease outcomes, interventions
have often targeted individual-level health-related behaviors such as physical activity. It is well
understood that regular participation in physical activity is protective against the development of
chronic diseases, including cardiometabolic disease [1–3]. Although some interventions aiming to
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improve individual-level physical activity have achieved some levels of positive behavior change,
the durability of such changes has been questioned [4]. Moreover, interventions focused on individuals
can have limited reach, often including only small groups of individuals. Such strategies do not support
widespread improvements in health across populations. Environmental factors at the community or
population level offer an alternative or complementary focus beyond individual-level intervention
with the potential for broader gains in effectiveness [5]. The distribution of health risk in a population
is a function of environmental features including norms, resources, opportunities and other local
conditions of living [5,6]. Individual risk is shaped, therefore, by environmental risk conditions [7].
Unfavorable risk conditions might correspond to only a small difference in the mean population
distribution of individual risk but this often heralds a far greater proportion of high-risk individuals
in the tail of the risk distribution [5,6]. Interventions targeting high-risk individuals might benefit
some such individuals, yet have little impact on the population distribution of risk. Other individuals
will become at-risk until the underlying environmental risk conditions are improved and the risk
distribution is favorably shifted [5,6]. The criticism that the targeting of environmental risk conditions
will have only a small effect on any given individual, needs to be considered against the likelihood of
strong benefit to the overall population [6]. Strategies to improve environmental risk conditions can
also complement individual-level interventions so that the durability of resultant behavior change is
improved [8–10]. It is well established that population gains are greatest when environmental and
individual-level interventions are employed together [11].

A growing body of empirical evidence links local residential environmental features with both
physical activity behavior and cardiometabolic risks and outcomes [10,12–14]. Greater local-area
socioeconomic status (SES) has consistently been linked to greater levels of physical activity and lesser
cardiometabolic risk [12,15,16]. The bulk of this evidence pertains to physical activity and walking
behavior for which review articles indicate mixed to fairly consistent positive associations with
environmental features including: access to, and availability and variety of, facilities and destinations
(e.g., parks and recreational areas, schools, shops and commercial areas); safety (e.g., crime rate,
graffiti, incivilities, traffic safety); aesthetics (e.g., greenness, landscaping, upkeep, cleanliness,
rated attractiveness); and walkability factors including land use diversity (approximating destinations),
residential or population density, street connectivity, and pedestrian infrastructure (e.g., presence and
quality of sidewalks, lighting, shade, street furniture) [10,13,17–23]. Fewer reviews have assessed the
evidence for associations between environmental features and cardiometabolic risks and outcomes,
such reviews concluded there were reasonably consistent inverse associations between cardiometabolic
risk and residential greenspace and walkable urban form including low street intersection and
residential densities [12,14,24,25].

Reasonably consistent correlational studies supporting relationships between environmental
features and cardiometabolic risk provide a foundation for assessing the potentially causal impact of
environments on health [26,27]. Attention to temporality and biological plausibility is needed [26,27].
The majority of studies evaluating place and health relationships have been cross-sectional in design
with causal inference precluded by the threat of bi-directionality in the observed associations [12,16].
Longitudinal studies are required to determine the causal direction of relationships with the exposure
occurring prior to outcome [26,27].

Biological plausibility requires explanation of the mechanism linking environmental features
to cardiometabolic risk [27]. Environmental features may influence cardiometabolic risk through
indirect pathways such as individual-level health-related behaviors (e.g., physical activity and
diet) [7,12,25]. For example, walkable urban form may enable greater individual physical
activity levels and thus improve cardiometabolic health. This mediation premise underlies much
research concerning associations between residential built environment features and cardiometabolic
risk [28–31]. Empirical testing of these potential indirect effects is essential to provide evidence on
biological plausibility, yet few studies have measured and analyzed such links. It is likely that
there are additional pathways through which environmental features influence cardiometabolic
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risk [12]. Built and social environmental features may also contribute to disease development
through stress-related pathways [27]. Adverse environmental conditions may increase stress-levels
influencing adverse health-related behaviors such as smoking, alcohol intake, physical inactivity and
unhealthful diet. Stress may also directly increase cardiometabolic risk through chronic stress-related
physiological responses and significant acute stressors at critical times shaping unfavorable epigenetic
responses [12,27,32]. Improving our understanding of the scope of explanatory pathways is necessary
to assist in the development of targeted intervention strategies. There is a need for studies that test
indirect mediating pathways, ideally using longitudinal designs.

Recent research has implicated spatially variable, local descriptive norms as environmental
influences on cardiometabolic risk [33–35]. Descriptive norms are what most people do, as opposed
to injunctive norms which are the ‘shared rules of conduct’ informing on what ought to be done [36].
Descriptive norms can be expressed for social groups (i.e., subjective descriptive norms) as well
as within spatial settings apart from the social connections (or lack thereof) amongst individuals
in that setting (i.e., local descriptive norms) [37–39]. Operationally, the local-area prevalence of
a behavior or trait defines a local descriptive norm [34,35]. The importance of such influences is
highlighted by a longitudinal study indicating that the neighborhood prevalence of overweight/obesity
predicted normal weight individuals becoming overweight/obese over 13 years of follow up,
independent of individual-level factors and neighborhood SES [33]. Two recent reports using the same
population cohort as analyzed here found that greater local descriptive norms for overweight/obesity,
physical inactivity and poor fruit intake each predicted increasing cardiometabolic risk (glycosylated
hemoglobin, HbA1c) over 10 years of follow up, accounting for covariates including individual-level
factors, local-area built environment features and area-level SES [34,35]. These studies did not assess,
however, the mechanism (i.e., individual-level health-related behavior) through which local descriptive
norms influence cardiometabolic risk. The aim of the present study was to longitudinally assess
for adults an indirect mediating mechanism, through individual-level physical activity behavior,
by which local descriptive norms for overweight/obesity and physical inactivity, and built environment
walkability influence 10 year change in HbA1c.

2. Methods

This study used an observational design incorporating data from the North West Adelaide
Health Study (NWAHS; n = 4056), a population-based biomedical cohort consisting of randomly
selected adults aged 18 years and older. The NWAHS includes three waves of data collection,
Wave 1 (2000–2003; n = 4056), Wave 2 (2005–2006, n = 3563) and Wave 3 (2008–2010, n = 2871)
over 10 years. NWAHS data were spatially joined using a Geographic Information System (GIS)
with built and social environmental datasets including a separate, population-based chronic disease
and behavioral risk factor survey (the South Australian Monitoring and Surveillance System (SAMSS))
that was used to construct spatially variable local descriptive norms measures.

The current study was part of the Place and Metabolic Syndrome (PAMS) Project which evaluated
the role of residential environment features on the evolution of cardiometabolic risk. The PAMS
Project received human research ethics approval from the University of South Australia (P029-10
and P030-10), Central Northern Adelaide Health Service (Queen Elizabeth Hospital; Application
No. 2010010), and South Australian Department of Health and Ageing (Protocol No. 354/03/2013
and HREC/13/SAH/53). All participants gave their consent for inclusion before they participated in
the study.

2.1. Study Area

At baseline the NWAHS area consisted of the northern and western regions of metropolitan
Adelaide (Figure 1), the capital city of South Australia. In 2001, these regions accounted for 38%
of Adelaide’s 1.1 million population [40,41]. The northern and western regions of Adelaide were
originally targeted for this population study given elevated cardiometabolic risk relative to other
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Adelaide areas [42,43]. As associations between environments, health behaviors and outcomes can
differ between urban and rural regions [44], the study area was limited to urban areas only, defined as
Census Collection Districts (CDs) with a population density of >200 persons per hectare [40].Int. J. Environ. Res. Public Health 2017, 14, 953  4 of 17 
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Figure 1. Study area—urban northern and western regions of Adelaide. NWAHS: North West Adelaide
Health Study.

2.2. Participants

Individual-level data were drawn from the NWAHS. At each wave of data collection,
sociodemographic and behavioral information, and residential address (used to create a participant
geo-reference point) were collected using Computer-Assisted Telephone Interviews and self-report
paper questionnaires. Biomedical data were collected during clinic visits at each wave, including blood
samples to assess HbA1c concentration. Written informed consent was obtained prior to each wave of
data collection. Information on data collection and cohort profile has previously been published [45,46].

2.3. Measures

2.3.1. Outcome Measure: HbA1c

HbA1c concentration (%) was assayed at each data collection wave from fasting blood samples
collected at clinic visits. HbA1c reflects 2–3 months time-averaged blood glucose level thus providing
a stable marker of glycemic control and related risk [47]. While concentrations of 6.5% or greater are
considered indicative of diabetes [48], cardiovascular disease (CVD) risk is considered to rise with
HbA1c, although the relationship between HbA1c and CVD does not have a defined threshold [49].
Consequently, HbA1c provides an estimate of cardiometabolic risk, that is, risk of diabetes type 2 or
CVD, or both.

2.3.2. Individual-Level Physical Activity Information

Individual-level physical activity behavior was defined at Wave 2 as either sedentary (no physical
activity reported), some, or meeting recommendations (i.e., ≥150 min of physical activity per week
(300 min per fortnight) [50]). Information on time spent participating in walking, moderate and
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vigorous physical activity was collected using Australian National Health Survey questions as
part of the self-reported paper-based questionnaire. Physical activity data were prepared as per
recommendations provided for the Active Australia Survey questionnaire [51]. Total time (in minutes)
spent participating in physical activity was calculated as:

Time total = time walking + time moderate + 2 × time vigorous

This method accounts for the additional health effects of performing vigorous activity as compared
to lower intensity levels (i.e., accounts for exercise intensity) [51]. Not all NWAHS participants
had complete physical activity data. Where participants had missing physical activity information
(i.e., missing information on any of walking, moderate or vigorous activity), total physical activity was
coded as missing.

Alternate expressions of physical activity were considered, such as treating physical activity
as a continuous variable; however, the zero-inflated distribution with right skew precluded its use
as a continuous variable, even after various data transformations were applied. As the operational
mediator in the analyses reported here, physical activity was treated as both an independent and
dependent variable in mediation models for which it was dummy coded with ‘sedentary’ used as the
reference category in the modeling process.

2.3.3. Environmental Measures

Environmental measures analyzed included local descriptive norms for overweight/obesity and
physical inactivity, and local-area walkability. Participant-specific environmental exposures were
expressed for 1600 m (1 mile) road-network buffers centered on participant residential addresses.
The 1600 m buffer represents the distance covered by an average adult walking at a comfortable pace
(around 5 km/h) for approximately 20 min [52]. Smaller buffer sizes (1000 m) were considered but
dropped due to the small counts of SAMSS survey participants contained within buffers (see below).

Local descriptive norms measures were constructed using geocoded SAMSS data [53]. The SAMSS
monitors population trends in chronic diseases and risk factors, using a random sampling of South
Australian households identified from the Electronic White Pages telephone directory to recruit
participants. Further information on the SAMSS is available elsewhere [53,54]. Geocoded data for
adults (18 years and over) were extracted from the SAMSS for the years 2006–2010. These data were
aggregated to construct buffer-specific prevalence rates for overweight/obesity (body mass index,
BMI ≥ 25 kg/m2) and physical inactivity (<150 min of moderate intensity exercise/week) [50,55].
Geocoded SAMSS data were not available prior to 2006 and therefore local descriptive norms could not
be temporally matched to the NWAHS at baseline but instead closely approximate Wave 2 exposures
in time. Data from 2006 to 2010 were pooled to maximize SAMSS representation within NWAHS
participant buffers. To protect confidentiality and support the stability of local descriptive norms
estimates, data custodians did not release aggregated norms data for NWAHS buffers with less than
50 SAMSS participants or less than five participants per measurement category. This resulted in sample
loss which was substantial at the 1000 m buffer size. Therefore, this unit was removed from further
consideration. Further detail on the construction of local descriptive norms is available elsewhere [35].

Walkability was similarly matched to NWAHS data at Wave 2. A walkability index was
constructed using data from Adelaide 2007 StreetPro™ road (Pitney Bowes Business Insight,
Macquarie Park, NSW, Australia) [56], the 2007 Property Cadastre [57], and the 2007 Retail
Database [58]. The walkability index was calculated as the sum of deciles for four components
representing connectivity (intersection density) and proximity (dwelling density, land use mix,
and net retail area) [59–61]. Further detail on walkability components and their construction is
available elsewhere [62]. Walkability values range from 4 to 40 with lower values representing less
walkable environments. Environmental exposure information was standardized prior to inclusion in
analysis models.
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2.3.4. Covariates

Analysis models included individual- and area-level covariates, specifically, age, sex, employment
status (full-time, part-time, or not in the work force), level of education (university graduate or not),
marital status (married/de facto, or single), and smoking status (current smoker, ex-smoker, or never
smoked), and area-level income (median weekly household income). Individual-level covariates were
selected based on previous empirical research regarding individual predictors of physical activity,
cardiometabolic risk and cohort attrition, and analyses of predictors of NWAHS cohort loss to follow-up
and missing physical activity data [35,63].

Area-level income was used to represent area-level SES consistent with much of research on
area-level SES and health [64]. Area-level income data were extracted from the 2006 Australian
Population and Housing Census [65] at the smallest available unit, the CD, and aggregated using
the weighted average of values from CDs intersected by the NWAHS participant buffers. Further
information on this method is available elsewhere [35]. In 2006, CDs included an average of
220 dwellings [66]. To avoid multicollinearity, only one area-level SES measure was included in
the models.

2.4. Analyses

Intraclass correlations (ICCs) were calculated from covariance parameter estimates obtained
from a multilevel (three-level) empty model (i.e., with no predictors) performed in SAS (version 9.4,
SAS Institute Inc., Cary, NC, USA) [67]. These ICCs describe the degree of similarity of HbA1c

concentrations for repeated measures within participants and the extent of clustering of participants
within suburbs.

The direct and indirect effects of residential exposures on change in HbA1c (the latter through
individual-level physical activity) were estimated in Mplus (version 7.4, Muthen & Muthen,
Los Angeles, CA, USA) using latent growth models within a structural equation modelling (SEM)
approach with Monte Carlo integration [68,69]. The SEM approach enables simultaneous modelling
of direct and indirect effects within a single SEM model as opposed to multiple steps. SEM uses a
conceptual model with path diagram and a system of linked regression-style equations to capture
complex and dynamic relationships within a web of variables in which a dependent variable in one
model equation can become an independent variable in other components of the SEM model [68,70,71].

HbA1c was modeled as a latent variable with a random intercept and slope to allow for
participant specific baseline values of HbA1c (intercept), and changes in HbA1c (slope) over time.
As shown in Figure 2, each analytic model assessed the influence of an environmental predictor
(e.g., local descriptive overweight/obesity norm) on both individual-level physical activity (mediator)
and change in HbA1c (slope for latent HbA1c variable), and the influence of individual-level physical
activity on change in HbA1c. Indirect effects were calculated as the product of coefficients for path a
and path b using the model constraint estimation approach [68].
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All analysis models included individual-level covariate and area-level income information
predicting HbA1c (latent variable intercept and slope) as well as accounting for spatial clustering
within suburbs. The use of full information maximum likelihood (FIML) in estimation of effects
allowed for the inclusion of cases with missing physical activity data [72,73]. Follow-up sensitivity
analyses assessed models using only complete data, with little change in effects noted. Therefore,
the results reported here are based on analyses of the broader sample including participants with
missing physical activity information. Statistical significance was set at α = 0.05 for all analyses.

3. Results

Sample loss due to inclusion criteria is presented in Table 1. There were 2260 participants in the
walkability analysis sample, 1926 for the inactivity norm sample, and 1907 for the overweight/obesity
norm sample. Characteristics of the individuals in the analysis samples and features of their
environments are summarized in Table 2. There were no notable differences with regard to sample
characteristics and environmental features between the three datasets. ICC estimates of the similarity of
HbA1c concentrations indicated moderate correlation at the individual-level (repeated HbA1c measures
over time; ICC = 0.56) and relatively low correlation at the suburb level (ICC = 0.01) consistent with
previous reports [74].

Table 1. Inclusion criteria and derivation of the three analytic samples.

Criteria n Reason for Reduced Numbers

NWAHS sample (W1) 4056 -
Geocoded (W1) 4041 15 participants with invalid residential addresses

Residing in urban area (W1) 3887 154 participant addresses outside the urban area
Participated in Wave 2 3362 525 participants did not participate in Wave 2

Did not move (W1 to W2) 2797 565 participants moved between Waves 1 and 2
CVD/diabetes free at Wave 1 2325 472 participants had CVD or Type 2 diabetes at Wave 1
HbA1c data (at least 1 wave) 2324 1 participant lacked at least 1 wave of HbA1c data

Covariate data (W1) 2260 64 participants lacked covariate data at Wave 1
Linked local-area data: Of participants meeting previous criteria

Walkability 2260 All participants had linked walkability data
Physical inactivity norm 1926 336 participants lacked local physical inactivity norm data

Overweight/obesity norm 1907 353 participants lacked local overweight/obesity norm data

CVD: cardiovascular disease; NWAHS: North West Adelaide Health Study; W1: Wave 1; W2: Wave 2;
HbA1c: glycosylated hemoglobin.

Results of mediation models are presented in Table 3. Models estimating the latent variable for
HbA1c (i.e., no predictors), indicated average HbA1c of 5.415 (95% CI 5.386 to 5.444, p < 0.0001)
at baseline, and an increase (worsening) of 0.035 (95% CI 0.029 to 0.040, p < 0.0001) in HbA1c

concentration (%) per year (not shown in table). In models adjusted for individual-level covariates
and area-level income, each of the environmental exposure measures was both directly and
indirectly (through physical activity level) statistically significantly associated with change in HbA1c.
Greater individual physical activity level was negatively associated with change in HbA1c over time in
each of the models (point estimates ranging from −0.014 to −0.016, suggesting a ‘protective’ effect).



Int. J. Environ. Res. Public Health 2017, 14, 953 8 of 17

Table 2. Characteristics of individuals (baseline) and environmental features (Wave 2) for the three
analysis samples.

Measure Walkability Sample
(n = 2260)

Physical Inactivity
Norm Sample (n = 1926)

Overweight/Obesity
Norm Sample (n = 1907)

Individual-Level Characteristics Mean (SD) Mean (SD) Mean (SD)

Age (years) 50.41 (14.83) 49.97 (15.22) 49.87 (15.18)
Sex (female) n (%) 1252 (55.4%) 1061 (55.1%) 1051 (55.1%)

Current smoker n (%) 401 (17.7%) 338 (17.6%) 335 (17.6%)
Married/de facto n (%) 1476 (65.3%) 1229 (63.8%) 1226 (64.3%)

Education (university graduate) n (%) 275 (12.2%) 250 (13.0%) 250 (13.1%)
Not employed n (%) 975 (43.1%) 834 (43.2%) 815 (42.7%)

Physical activity-level 1:
Sedentary n (%) 553 (43.9%) 461 (32.5%) 454 (32.2%)

Some n (%) 449 (26.7%) 381 (26.8%) 381 (27.1%)
Meets recommendations n (%) 677 (40.3%) 578 (40.7%) 573 (40.7%)

Missing n 581 506 499
HbA1c

2 5.41 (0.45) 5.43 (0.45) 5.43 (0.45)

Environmental Features Mean (SD) Mean (SD) Mean (SD)

1600 m buffer area (km2) 3 3.88 (3.21–4.81) 3.91 (3.31–4.83) 3.91 (3.30–4.84)
Walkability 22.42 (7.45) - -

Physical inactivity norm - 52.76 (7.08) -
SAMSS n per buffer - 99.4 (32.7) -

Overweight/obesity norm - - 62.85 (6.18)
SAMSS n per buffer - - 95.6 (31.5)

Area-level income (median weekly
household income) 842 (152.78) 835.63 (132.93) 838.45 (131.64)

1 physical activity (PA) data less than sample size, proportion expressed using PA sample as denominator;
2 3 NWAHS participants did not have baseline HbA1c data but did have HbA1c data for least one other wave
(i.e., sample size reported on is 3 less than in the header); 3 median and inter quartile range (IQR) reported. SAMSS:
South Australian Monitoring and Surveillance System.

Table 3. Direct and indirect effects of environmental exposures on change in HbA1c
1.

Assessed Association Estimate 95% CI p-Value

Walkability Models (n = 2260) AIC 9646.34; BICadj 9722.72

Walkability predicting ∆HbA1c −0.008 −0.011 to −0.005 0.000

Individual PA predicting ∆HbA1c:
1. Low (reference = sedentary) −0.009 −0.018 to 0.000 0.052
2. Meets recommendations (reference = sedentary) −0.014 −0.021 to −0.006 0.001

Walkability predicting individual PA:
1. Low (reference = sedentary) −0.009 −0.030 to 0.011 0.347
2. Meets recommendations (reference = sedentary) 0.035 0.010 to 0.061 0.007

Indirect effect (×100): through low PA 0.008 −0.012 to 0.029 0.427
Indirect effect (×100): through meets PA recommendations −0.048 −0.091 to −0.005 0.029
Total indirect effect (×100) −0.040 −0.079 to 0.001 0.045
Total effect of walkability on ∆HbA1c (×100) −0.847 −1.157 to −0.536 0.000

Physical Inactivity Norm Models (n = 1926) AIC 8259.17; BICadj 8330.75

Physical inactivity norm predicting ∆HbA1c 0.006 0.001 to 0.011 0.015

Individual PA predicting ∆HbA1c:
1. Low (reference = sedentary) −0.011 −0.020 to −0.001 0.039
2. Meets recommendations (reference = sedentary) −0.016 −0.024 to −0.007 0.000

Physical inactivity norm predicting individual PA:
1. Low (reference = sedentary) −0.008 −0.032 to 0.015 0.490
2. Meets recommendations (reference = sedentary) −0.039 −0.068 to −0.010 0.008

Indirect effect (×100): through low PA 0.009 −0.016 to 0.034 0.496
Indirect effect (×100): through meets PA recommendations 0.061 0.000 to 0.122 0.049
Total indirect effect (×100) 0.070 0.011 to 0.129 0.019
Total effect of physical inactivity norm on ∆HbA1c (×100) 0.691 0.202 to 1.181 0.006

Overweight/Obesity Norm Models (n = 1907) AIC 8151.86; BICadj 8222.87

Overweight/obesity norm predicting ∆HbA1c 0.006 0.002 to 0.010 0.006

Individual PA predicting ∆HbA1c:
1. Low (reference = sedentary) −0.011 −0.021 to −0.001 0.028
2. Meets recommendations (reference = sedentary) −0.015 −0.023 to −0.006 0.001

Overweight/obesity norm predicting individual PA:
1. Low (reference = sedentary) 0.015 −0.009 to 0.039 0.219
2. Meets recommendations (reference = sedentary) −0.059 −0.086 to −0.032 0.000
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Table 3. Cont.

Assessed Association Estimate 95% CI p-Value

Indirect effect (×100): through low PA −0.016 −0.048 to 0.016 0.313
Indirect effect (×100): through meets PA recommendations 0.085 0.019 to 0.151 0.011
Total indirect effect (×100) 0.069 0.013 to 0.125 0.016
Total effect of overweight/obesity norm on ∆HbA1c (×100) 0.642 0.239 to 1.046 0.002

1: Models adjusted for individual-level age, sex, employment status (full-time, part-time, or not in
the work force), level of education (university graduate or not), marital status (married/de facto,
or single), and smoking status (current smoker, ex-smoker, or never smoked), and area-level income
(median household income). AIC: Akaike’s Information Criterion; BICadj: Sample-size adjusted Bayesian
Information Criterion.

Greater walkability was negatively associated with change in HbA1c (direct effect, β = −0.008
(95% CI −0.011 to −0.005), p < 0.001). Walkability was also positively associated with meeting physical
activity recommendations (as opposed to being sedentary; β = 0.035 (0.010 to 0.061), p = 0.007), yielding
a statistically significant negative indirect effect on change in HbA1c through achieving physical activity
recommendations (β × 100 = −0.048 (−0.091 to −0.005), p = 0.029). Models indicated a total effect of
walkability on change in HbA1c of β × 100 = −0.847 (−1.157 to −0.536; p < 0.001) including a total
indirect effect of β× 100 = −0.040 (−0.079 to −0.001; p = 0.045). Overall, our models show that a one SD
increment in walkability (7.45 walkability index points) has a total effect of reducing yearly increases
in HbA1c concentration by −0.008 percentage points including a total indirect effect (through physical
activity behavior) of reducing the yearly increase in HbA1c by −0.0004 percentage points.

Regarding local descriptive norms, greater local inactivity norm and greater overweight/obesity
norm both statistically significantly directly predicted further yearly increases in HbA1c (β = 0.006
(0.001 to 0.011, p = 0.015) and β = 0.006 (0.002 to 0.010, p = 0.006), respectively). Greater local inactivity
norm was negatively associated with meeting physical activity recommendations (compared to being
sedentary; β = −0.039 (−0.068 to −0.010), p = 0.008). Similarly, greater overweight/obesity norm was
negatively associated with meeting physical activity recommendations (β = −0.059 (−0.086 to −0.032),
p < 0.0001). There were statistically significant indirect effects on change in HbA1c through meeting
physical activity recommendations for both local-area norms (physical inactivity norm: β × 100 = 0.061
(0.000 to 0.122), p = 0.049; and overweight/obesity norm: β × 100 = 0.085 (0.019 to 0.151), p = 0.011).
For the local-area inactivity norm, our models indicated a total effect of β × 100 = 0.691 (0.202 to
1.181; p = 0.006) with a total indirect effect of β × 100 = 0.070 (0.011 to 0.029; p = 0.019) on change
in HbA1c concentration. That is, within our models, the total effect of a one SD increment in local
physical inactivity norm (7.08% greater physical inactivity prevalence) on the yearly increase in HbA1c

concentration was a further rise of 0.0069 HbA1c percentage points per year including an indirect
effect of 0.0007 HbA1c percentage points. The total effect of a greater local-area overweight/obesity
norm on change in HbA1c was β × 100 = 0.642 (0.239 to 1.046; p = 0.002) with a total indirect effect of
β × 100 = 0.069 (0.013 to 0.125; p = 0.016). A one SD greater prevalence of overweight/obesity (6.18%)
was associated with a further yearly rise of 0.006 in HbA1c percentage concentration including an
indirect effect of 0.00069 HbA1c percentage points through individual-level physical activity.

4. Discussion

The literature reflects a widespread assumption of the premise that individual behavior underlies
the multilevel associations between features of residential environments and individual health
outcomes. Few studies have actually tested this pathway. This study assessed individual-level
health-related behavior as the mechanism by which local-area descriptive norms and built environment
walkability shape risk of cardiometabolic disease expressed by 10-year change in HbA1c. For our
sample, HbA1c increased over time, consistent with previous work indicating well-established links
between age and cardiometabolic risk [75–77]. Greater individual-level physical activity predicted
a reduction in this HbA1c increase over time, similarly consistent with existing knowledge of the
inverse relationship between physical activity and cardiometabolic risk [1–3]. Compellingly, greater
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walkability reduced the rate of HbA1c increase over time, while greater local descriptive norms
for overweight/obesity and physical inactivity amplified the yearly increase in HbA1c. The most
novel aspect of this work reflects the test of individual-level physical activity behavior as mediating
environmental influences on the evolution of cardiometabolic risk, where physical activity only
partially explained the effect of the environmental exposures on change in HbA1c. This aligns with the
few studies that have previously explicitly tested mediation by physical activity.

The literature contains no previous reports of investigations that tested the indirect mechanism
by which local descriptive norms relate to cardiometabolic risk. A small number of studies,
however, have assessed the indirect mediating effect of physical activity on the associations between
neighborhood walkability and body weight or size. One such study, albeit cross-sectional, of 1200 adult
Belgians aged 20–65 years, reported that accelerometer-assessed moderate-to-vigorous physical
activity partially mediated associations between greater GIS-derived walkability and greater BMI
and waist-to-hip ratio in models adjusted for age, education, work status and neighborhood SES [28].
Similarly, a cross-sectional New Zealand study of 2033 city-dwelling adults aged 20–65 years found that
accelerometer-assessed physical activity partially mediated inverse associations between GIS-derived
street connectivity and Neighborhood Destination Accessibility Index and body size (BMI and waist
circumference) [78]. The study did not, however, observe any associations between body size and
land use mix. Thus far, longitudinal evaluations testing physical activity as an indirect mediator of
associations between residential walkability and biochemical measures of cardiometabolic risk have
not been published. Our study addresses this research gap.

This study, along with the limited number of previous cross-sectional studies on the topic, provides
a measure of empirical support of the premise that environmental exposures influence change in
cardiometabolic risk through their influence on individual-level health behavior. The mediating effect
through physical activity was, however, partial rather than complete, explaining but a small component
of the overall estimated direct effects. Partial mediation is similar to the findings of the cross-sectional
studies described above. The available evidence thus implies that other mediating pathways may act
alongside physical activity behavior in linking environmental exposures to cardiometabolic risk.
Other such pathways may include behavioral factors as well as psychosocial and stress-related
pathways [7,27]. In the case of local descriptive overweight/obesity norms, individual dietary
behavior seems an obvious candidate. However, walkability and local descriptive physical inactivity
norms arguably relate specifically to physical activity and sedentary behavior. Sedentary behavior
has recently been identified, independent of physical activity, as a risk factor for cardiometabolic
disease [79]. Individuals may meet physical activity recommendations while also spending large
amounts of daily time sedentary, with consequent adverse health outcomes. Previous research has also
documented the clustering of health behaviors [80], and it is possible that such clustering may partially
account for findings of a small partial mediation effect for physical activity specifically. Moreover, the
features of residential environments can influence health through additional psychosocial pathways,
notably chronic stress, whereby allostatic loading yields physiological responses consistent with
cardiometabolic risk [7,27]. Further research is needed to investigate such alternative pathways and
mediation by multiple clustered factors.

A further consideration is that the mediation effect may be moderated by other factors,
both individual-level and area-level. For example, the influence of walkability through physical
activity may be moderated by local-area crime and perceived safety. A relatively high walkable area
(as opposed to low walkable) that is considered unsafe may have little to no influence on physical
activity while the perception of being unsafe may negatively impact cardiometabolic risk through
the stress axis. Additional research is needed to elucidate such possibilities. Greater understanding
of the pathways linking environments to health outcomes, including under what circumstances and
for whom, is essential to inform well-designed, targeted intervention strategies that can account for
such inter-relationships.
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Despite that fact that this and previous studies found the association between environmental
exposures and health was partially rather than fully mediated by physical activity behavior, this does
not imply a limited importance of such a mechanism or that it is inconsequential. Nor does it imply that
interventions and policy aiming to improve environmental conditions or individual health behaviors
are unimportant. The findings of this study regarding the direct effects of walkability on physical
activity and cardiometabolic risk concur with previous work in this field. A recent review including
a meta-analysis concluded that greater GIS-derived walkability is linked to a greater number of
objectively measured (pedometer or accelerometer assessed) daily steps [81]. Other reviews have
similarly concluded that built environment walkability, either objectively measured or perceived,
is associated with greater levels of physical activity or walking behavior [21,22,25,82]. Regarding
walkability and cardiometabolic risk most [12,25,82], but not all [83], reviews have concluded there
is fairly consistent evidence of inverse associations between walkability and cardiometabolic risk
(most often expressed as body weight).

The current study found, requisite to testing mediation, that local descriptive norms for
overweight/obesity and physical inactivity were inversely associated with physical activity and
positively associated with change in cardiometabolic risk. This aligns with the results of the few other
reported studies of local descriptive norms. One experimental trial reported that individuals who
received descriptive norms messages regarding co-workers’ ostensibly greater stair use and walking
(i.e., local descriptive physical activity norm) as a result increased their own stair use and walking at the
office [84]. A separate study of older adults (average age 87 years, range 80–95 years) in a residential
care setting reported that the provision of information about local descriptive norms for physical
activity amongst older adults in the general local community (“increasing numbers of exercising adults
in the local community”) corresponded to a greater intention to participate in organized physical
activities, and greater self-reported participation in physical activity related activities at 3 months of
follow-up [85]. Supporting this implication of local context, a longitudinal study (13 years of follow
up) of Dutch adults reported greater odds of becoming overweight if they resided in an area with
high relative to low neighborhood prevalence of overweight/obesity, in models accounting for age,
sex, education and neighborhood deprivation [33]. This same study also reported that individuals
were more likely to quit sport if they resided in an area of low sports participation, but this association
was not statistically significant in fully adjusted models.

The longitudinal design and analysis reported here is a key strength of this research. The outcome,
change in HbA1c was expressed at three time points across 10 years. The temporality of measures
supports causal inference [26,27]. Cardiometabolic risk was expressed in a continuous format using
a clinical measure, HbA1c. Use of a continuous format provides information regarding risk severity,
more precisely reflecting the magnitude of change over time. The use of continuous measures has been
recommended [77] and such measures provide greater statistical power than categorized measures [86].
The use of a clinically measured outcome is an improvement over using a self-reported measure as
is commonly done, as it avoids self-report bias. However, individual-level demographic, smoking
and physical activity information (mediator) were self-reported with the consequent potential for
self-report bias. Additionally, local descriptive norms measures were aggregated from self-report
survey data.

One explanation for an apparent partial rather than full mediating effect of physical activity is the
suitability of the means by which it is measured. It is possible that the estimation of mediation effects
and a greater proportion of direct effects could be accounted for, if physical activity behavior were
operationalized and measured not with the limitations of general self-reported behavioral data, but
instead, using an objective measure (e.g., accelerometer) or more specific physical activity measure
such as walking for transport. Self-reported physical activity is well known to involve measurement
error [87,88]. Local-area walkability, on the other hand, has exhibited more consistent associations
with domains of physical activity, notably walking for transport, than general measures of physical
activity [10,22,82].
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Further strengths of this research include the method of expressing environmental exposures.
Walkability was objectively expressed, using a measure previously used in Australia and similar to
international standards as applied by the International Physical Activity and Environment Network
(IPEN). Local descriptive norms were derived from a separate survey sample, avoiding same-source
bias [89]. Environmental exposures were defined within participant-centered road network buffers,
per best-practice recommendations [90]. Area-level income was expressed using a method that
approximated these buffers. Sensitivity analyses using differently sized road network buffers to
represent environmental exposures would have added to this study; however, this was not possible,
as noted. Analyses conducted with environmental exposures expressed for differently sized spatial
units may yield differences in the nature and strength of relationships found [62,91,92].

Though this study attempted to minimize confounding and reduce bias due to cohort attrition
though the inclusion of covariates within analysis models, there remains the possibility of residual
confounding from unmeasured influences. Of note, this study did not account for the potential
influence of neighborhood self-selection which may have explained some of the association between
environmental influences and physical activity and cardiometabolic risk. However, the influence of
self-selection is of greater concern in cross-sectional rather than longitudinal studies [93].

5. Conclusions

Individual-level health-related behavior represents one potential pathway linking residential
environments with cardiometabolic risk; however, this pathway has rarely been empirically assessed.
We found that residential walkability, and local descriptive norms for overweight/obesity and physical
inactivity were directly and indirectly, through physical activity behavior, associated with change in
cardiometabolic risk expressed as HbA1c. The indirect pathway through physical activity partially
explained the relationship between the environmental exposures and change in cardiometabolic risk,
suggesting other mechanisms may be acting in parallel.

This research found environmental exposures predicted both physical activity and change in
HbA1c, supporting the need to consider local environments in interventions aiming to improve
population health. Individual-level intervention strategies need to include an ecological focus,
with attention to improving adverse environmental conditions. Future research should investigate
additional mechanisms by which environments are related to health outcomes.
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