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Abstract 
Body weight is an important indicator of current and future health and it is even more critical in 
children, who are tomorrow’s adults. This paper analyzes the relationship between childhood obesity 
and neighbourhood walkability in Calgary, Canada. A multivariate analytical framework recognizes 
that childhood obesity is also associated with many factors, including socioeconomic status, 
foodscapes, and environmental factors, as well as less measurable factors, such as individual 
preferences, that could not be included in this analysis. In contrast with more conventional global 
analysis, this research employs localized analysis and assesses need-based interventions. The 
one-size-fit-all strategy may not effectively control obesity rates, since each neighbourhood has 
unique characteristics that need to be addressed individually. This paper presents an innovative 
framework combining local analysis with simulation modeling to analyze childhood obesity. Spatial 
models generally do not deal with simulation over time, making it cumbersome for health planners 
and policy makers to effectively design and implement interventions and to quantify their impact over 
time. This research fills this gap by integrating geographically weighted regression (GWR), which 
identifies vulnerable neighbourhoods and critical factors for childhood obesity, with simulation 
modeling, which evaluates the impact of the suggested interventions on the targeted neighbourhoods. 
Neighbourhood walkability was chosen as a potential target for localized interventions, owing to the 
crucial role of walking in developing a healthy lifestyle, as well as because increasing walkability is 
relatively more feasible and less expensive then modifying other factors, such as income. 
Simulation results suggest that local walkability interventions can achieve measurable declines in 
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childhood obesity rates. The results are encouraging, as improvements are likely to compound over 
time. The results demonstrate that the integration of GWR and simulation modeling is effective, and 
the proposed framework can assist in designing local interventions to control and prevent childhood 
obesity. 
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1. Introduction 

Obesity is not a recent phenomenon in human history [1], yet only a few decades ago it was 
considered a minor problem, until its rapid and unexpected increase in the 1980s [2]. The World Health 
Organization (WHO) recognized obesity as a major health problem in 1997 [3], whereas in Canada, 
obesity as a problem was recognized as early as 1953, when the first Canadian weight-height survey 
was conducted [4]. Recently, 60.1% of Canadian men and 44.2% of women reported to be overweight or 
obese [5]. While some literature contests the existence of an ‘obesity problem’ [6], the medical 
literature has reported a number of health consequences associated with increased levels of body fat [7], and 
current obesity rates may be one of the most critical health threats facing Canadians and Americans [8]. 
Among American non-smokers at age 40, obesity could result in 7.1 year reduction in life expectancy 
for women and 5.8 years for men, while overweight could reduce life expectancy both in males and 
females by over 3 years [9]. In addition, the costs associated with obesity and related illnesses are 
estimated in $40 billion annually for the Canadian Health System alone [10]. Recent figures suggest 
that the rate of increase of obesity is declining in the western world, yet, if it may be reaching a plateau 
in this part of the world, data suggest that it is increasing at faster rates in the developing world [11]. 

What is even more disconcerting, child obesity has been increasing over the same decades [12]. In 
Canada, one in three children is classified as obese or overweight [13]. Between 1978 and 2004, child 
obesity increased from 3% to 8%, and overweight from 12% to 18%. There was no difference found 
between Canadian boys and girls aged 11 and less from 1978 to 2004 [14]. In Alberta, 26% of children 
are overweight or obese [15]. Childhood obesity is associated with comorbidities, such as emotional, 
learning, and musculoskeletal disorders in childhood, as well as early onset of type 2 diabetes and 
cardiovascular disease. For the first time in recent history, the youngest generation is expected to live 
shorter lives than their parents, because of obesity [16]. Childhood is a critical time for health and 
lifestyle development, and reducing childhood obesity and overweight can impact health in later 
stages of life, potentially reducing overall obesity prevalence. The prevention of childhood obesity 
represents an important opportunity to reduce the future burden of non-communicable diseases and 
improve the health of children and their families [17]. 

The World Health Organization (WHO) standard for measurement of obesity is Body Mass Index 
(BMI) [18]. BMI is calculated by weight in kilograms divided by the height in meters squared. In 
adults, BMI lower than 18.5 is considered low weight. Normal body weight ranges from 18.5 to 24.9. 
Overweight is defined as BMI between 25.0 and 29.9, and obese as BMI of 30 or >30. In children, age 
and gender specific BMI percentiles are estimated using the CDC growth charts [19]. Overweight is 
usually defined as a BMI between the 85th and the 95th percentile of children of the same age and sex; 



618 

AIMS Public Health                           Volume 2, Issue 4, 616-637. 

obesity is defined as a BMI at or above the 95th percentile of the same age and sex. Same threshold for 
overweight and obesity in children was used in this research. 

Obesity results from imbalance between energy intake and expenditure. The rise in obesity over 
the span of three to four decades has emerged more from a complex mix of social and environmental 
factors than from individual factors, as this time span is too short for any significant change in human 
genetics [12, 20]. While genetics does play a role, the environment is considered more important in the 
development of obesity [21]. Carnell & Wardle [22] define obesogenic environment as “the sum of the 
influences that the surroundings, opportunities or conditions of life have on promoting obesity in 
individuals and populations”. Increasing research efforts and budget allocation have been devoted to 
the study of obesity [23, 24]; nonetheless, some suggest that this work has yielded only limited results, 
in part because “social and environmental factors were not given adequate consideration within 
intervention design and implementation” [25]. Indeed, the distribution of obesity and overweight 
exhibits discernible spatial patterns within cities, as social and environmental risk factors vary over 
space and contribute to define local neighbourhood characteristics [26, 27]. The social and 
environmental factors that can promote or inhibit obesity are numerous, complex, and interconnected. 
Only some of them can be assessed by meaningful measures, including income level, education 
achievement, foodscapes [28], and neighbourhood walkability [29]. 

Low socio-economic status (SES) is generally associated with greater risk of overweight and 
obesity, both in adults and children [30]. Healthy food in North America tends to be more expensive 
than unhealthier options, and there is evidence that low-income families are likely to consume 
more unhealthy food than high-income families [31, 32]. Education impacts quality of life in 
multiple ways [33] and education levels are generally associated with health literacy [34]. Canadians 
with lower education (high school diploma or less) are at higher risk of obesity than university 
graduates [35]. Further, children have an increased likelihood of obesity if they live in a neighbourhood 
with a high percentage of people with less than high school education [36]. Among low SES 
individuals, recent immigrants form a vulnerable group: as they tend to be socially and economically deprived 
and struggle to adopt a new life style and culture, they are at risk of obesity and overweight [37]. Further, 
immigrants’ children are at greater risk of overweight and obesity due to biosocial and cultural factors [38]. 
The recent Alberta Walking Survey [39] reported that Albertans in medium or high income 
households were much more likely to walk within their neighbourhood than those in low income 
households. Canadian children in low income families take approximately 1200 fewer steps per day then 
children in the highest income families [14]. Sports and physical activity programs provide 
opportunities for children to be more active on a regular basis, but such programs are expensive, and 
Canadian low income families are 205 times less likely to enrol their children in such programs [30]. 

Dietary choices are related to multiple factors, including culture, lifestyle, SES, demographics, and 
accessibility [40] within local food environments, or foodscapes [28]. Fast foods are notoriously high 
in energy and fat content [41], and residential proximity to fast food restaurants is associated with 
greater odds of obesity [23]. A recent Canadian study estimated the average increase in BMI 
(0.022kg/m2) associated with one additional fast food restaurant at the neighbourhood level [42]. 
Moreover, accessibility to fast food is associated with lower intakes of healthy food [43]: in Australia, 
children who lived within 800 m of a fast food restaurant were 38% less likely to eat fruit twice a day [12]. It 
is known that marketing policies, packaging, and high sugar content make fast food particularly 
attractive to children, with the potential consequence of establishing poor dietary habits at early ages. 
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Further, children are mostly exposed to fast food advertisement through watching TV or other screens, 
hence children who are regularly engaged in unhealthy sedentary activities, are also more prone to the 
attraction of unhealthy foods [44]. 

Walking is the most frequently adopted type of regular exercise [45] by all age groups, as it does 
not require a high level of fitness, nor special equipment or facilities. Establishing a lifestyle that 
includes regular walking since an early age may be the best way to develop active and healthy lifelong 
habits, as childhood sports too often focus on talent scouting, nor do fitness programs focus on 
promoting physical activity outside the allotted time, let alone their financial implications [30]. Walking 
can be an elective activity, i.e., going for a walk, which takes time and competes with other choices, 
e.g., watching a movie or playing a game. In addition, walking is a natural mode of transportation, 
which can take one to school, public transit, and other destinations; as such, it is part of one’s daily 
routine, taking no extra time, nor competing with other activities. However, any form of walking 
requires suitable conditions [46], which include, at a minimum, a reasonably safe and pleasant 
environment. In addition, transportation walking requires accessibility; i.e., destinations must lie within 
walking distance of one’s residence. This is an onerous requirement, which effectively restricts access to 
this form of walking: an important role in one’s ability to walk routinely is played by their residential 
neighbourhood [47]. Neighbourhood walkability is considered an important determinant of physical 
activity and body weight [48-50] and, in children, high walkability is positively associated with active 
park use [51], with the added benefit of increased levels of physical activity and more time spent 
outdoors [52]. Consistently, proximity to parks further influences physical activity. Laxer and Janssen [48] 
found that the risk of physical inactivity was 28% to 37% higher for youth living in neighbourhoods 
with low park space, compared to youth living in neighbourhoods with moderate to high park space. 

Obesity and overweight may be, to a considerable extent, local phenomena, and a careful enquiry 
into local obesogenic environments may lead not only to a greater understanding of local-scale 
obesity risk factors, but potentially to more effective local interventions aimed at obesity reduction. 
To reduce childhood obesity, one critical task is to identify which risk factors matter, where they matter, 
and how obesity prevalence would be impacted if these risk factors could be modified. While local 
interventions necessarily yield more modest results than city- wide ones, they may also be more 
cost-effective and easier to implement, even in the short term. Health geographers and spatial 
epidemiologists have investigated obesity using a variety of research methods, including spatial 
analysis [26, 27] and simulation models [53, 54]. However, in order to evaluate the potential effects of 
local-scale interventions, temporal and spatio-temporal dynamics should be evaluated at the local scale [55]. 
This study presents a promising integration of spatial analysis and simulation modeling. Local spatial 
analysis (geographically weighted regression, or GWR) [56] is used to assess the relationship of 
childhood obesity and overweight with their risk factors at the neighbourhood level. Simulation 
modeling is then used to simulate localized interventions aimed at reducing childhood obesity, and to 
estimate their potential impact over time, by analyzing what-if scenarios [57]. The local analysis 
presented is multivariate, so that it can assess the relative contribution of a set of measured factors. Yet, 
the focus is on neighbourhood walkability. Of the many factors associated with childhood obesity, 
neighbourhood walkability is important for the development of healthy habits at early ages; it can 
impact children more than adults, by promoting park and playground use, hence more physical 
activity and more outdoors time. Further, compared to other factors, e. g., SES, interventions on 
neighbourhood walkability are relatively simple, inexpensive, and can have a measurable impact over a 
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relatively short time frame. 
Local spatial analysis identifies target neighbourhoods where a hypothetical intervention has the 

greatest probability of success, that is, neighbourhoods where walkability is low, and the prevalence of 
obese children is high and significantly associated with walkability. An intervention consisting of 
increasing neighbourhood walkability is simulated only on the subset of neighbourhoods with the 
specified characteristics. Spatial and dynamic models then assess the effect of the simulated 
intervention on each neighbourhood after a specified period. A second spatial analysis assesses the 
association of obesity and walkability after the intervention. The results show that increased 
walkability reduces child obesity prevalence. It also reduces the significance of walkability as a 
factor of obesity, thereby exposing other critical factors that could be targeted by further interventions. 

2. Study Area and data 

Calgary is a major Canadian city, whose current urban area extends over a wide land area 
(approximately 825 km), with sprawling suburbs, largely car dependent, and dominated by 
single-family dwellings. In 2006, Calgary had the second largest average commute distance in 
Canada [58].The city largely grew in the automobile era, and neighbourhoods built before the 1950s are 
more walkable than more recent ones. As of the Census of Canada survey [59], the population of 
Calgary was 988,193 spread over 185 residential neighbourhoods. These neighbourhoods were chosen 
as the primary unit of analysis because they encompass a sense of identity; it has long been recognized 
that people choose to live in certain neighbourhoods and feel association with the communities they 
live in [60, 61]; further, children usually play close to where they live [62]. The average population of 
residential neighbourhoods is 5,341 residents, and 1,320 of them are children (age 0 to 19). 

2.1 Children BMI 

The province of Alberta (Canada) recommends that children receive a set of vaccinations 
(diphtheria, tetanus, acellular pertussis, polio, measles, mumps, rubella, varicella, pneumococcal 
conjugate), and families are invited to have their children vaccinated at age 4.5: most children are 
vaccinated before the end of grade one [63]. At the time of the vaccination, clinics collect other 
information on each child, including their BMI and residential address. The province maintains a 
database (PHANTIM - Primary Health Activity Network Timely Information Management) containing 
information on each child who received the vaccination at a public health clinic. For this study we 
obtained data on residence location (postal code), and BMI percentile from 2005 to 2008. The 
PHANTIM data covers more than 80% of the Calgary child population of this age group [34]. 

The residential postal code of each child was geo-coded using Alberta Health Postal Code 
Translator File [64] and aggregated at the neighbourhood level, using ESRI (Environmental System 
Research Institute) ArcGIS software, [65]. Of the 185 neighbourhood, 11 were excluded from the 
analysis, due to low population or missing variables, resulting in 174 valid units. Upon combining the 4 
years of PHANTIM data for age 4.5 to 6 years old children, the total sample size was 37,460 children, 
with an average of 215 children per neighbourhood. Of these children, 3,626 (9.68%) were obese, 
4,669 (12.46%) overweight, 27,397 (73.14%) healthy weight, and 1,768 (4.72%) underweight. Given 
their relatively low proportion, and the focus of this study, underweight children were not included in 
the analytical models. Alternatively, under-weight children could have been merged with healthy 
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weight children, but that may have inaccurately inflated the proportion of healthy-weight children. For 
the analyzed age group, the average number of obese children per neighbourhood is 27, ranging across 
neighbourhoods from 2.7% to 21.4%; the average number of overweight children is 21, ranging across 
neighbourhoods from 2.4% to 27.8%. Prior to using it in regression analysis, this variable was 
standardized, as suggested by Chalkias et al. [26] and Preston et al. [66], by taking the proportion of 
overweight and obese children to total children and multiplying by 1000. The transformed overweight 
and obese variables are referred to as ‘normalized overweight’ and ‘normalized obese’ (see Figure 1). 

2.2 Census Data 

Data on socioeconomic status, including income, education, and immigrant population for each 
neighbourhood were obtained from Statistics Canada for the 2006 Census [59]. Income is represented 
by the census variable “median family census income”, which provides the median income of each 
neighbourhood, and refers to the family income across all sources, including employment income, 
income from government programs, pension income, investment income and any other income [67]. 
Annual income values were converted to $1000s. Education is represented by the census variable 
“people with no certificate, diploma or degree”, which amounts to the portion of the population aged 25 
and older who did not complete high school. Immigrant population is represented by the census 
variable “immigrants”, which refers to those who have been granted the right to live in Canada 
permanently by immigration authorities. Some immigrants have resided in Canada for a number of 
years and other landed recently [67]. The education and immigrant population variables were 
normalized by dividing them by the total child population in each neighbourhood and multiplying by 
1000 [26, 66]. 

2.3 Proximity to Fast Food Restaurants 

Walking or driving access to fast food restaurants is considered an indicator of the consumption 
of fast food [12]. In the absence of data on average fast food consumption in each neighbourhood or 
number of visits to fast food outlets by families, proximity is used as an indicator of fast food 
consumption in each neighbourhood. Here, proximity is defined as the number of children living in the 
walkshed, or walkable distance of fast food outlets. Standard Industrial Classification (SIC) codes were 
used to select eating places. SIC codes were established in 1987 by the US Government to group 
businesses and to identify primary activities [68]. In the City of Calgary, 61% of neighbourhoods have 
at least one fast food restaurant, and the number of fast food restaurants in each neighbourhood ranges 
between 0 and 24. A generally accepted threshold for the walkshed is 800 m [12, 34]. Therefore, a 
buffer of 800 meters around each fast food restaurant was generated based on the DMTI road 
network (licenced to the University of Calgary) using ESRI Network Analyst. Postal codes within the 
buffer were selected. Children, from the PHANTIM dataset, living in the selected postal codes, were 
aggregated and normalized. 

2.4 Proximity to Parks 

Proximity to parks is an indicator of neighbourhoods that promote childhood physical activity in 
children [48]. The focus of this study was on local parks, which can be accessed by walking on a 
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regular basis, for example on the way home from school. In contrast, large parks serve a population 
greater than the neighbourhood residents, and tend to be accessed by car and mostly on weekends [34]. 
For this reason, parks greater than one square km were removed from the analysis. Proximity to local 
parks was assessed with the 800 m threshold. 

2.5 Walkability 

Neighbourhood walkability is a complex property, determined by several features, and difficult to 
measure [69]. For practical reasons, the Walkscore™ index was used in this study. Walkscore™ is a 
free-to-use, publically available index of neighbourhood walkability developed by Front Seat 
Management Company [45]. It calculates the walkscore of addresses as a weighted distance to local 
amenities. These amenities are divided into five categories: education, recreational, food, retail, and 
entertainment. The index calculates straight-line distance to the closest facilities in each category. These 
distances are summed and weighted by a distance decay function applied equally to each facility 
category [70]. The result is then normalized to an index ranging from 0 to 100, where 0 is not walkable, 
or car dependent, and 100 is the most walkable [49]. 

Walkscore values for each residential community were downloaded from the Walkscore web site [71]. 
Based on this index, only 33 of 174 Calgary neighbourhoods are highly walkable (19%), 57 are 
somewhat walkable (33%) and 84 are car dependent (48%). Nearly 65% of children live in car 
dependent communities, 26% in somewhat walkable and only 9% in highly walkable neighbourhoods 
(see Figure 1). While census data where drawn from the 2006 survey, in accordance with the clinical 
records, walkscore data were only available for 2012. However, walkscore typically does not vary over 
a short span of time. The location of amenities tends to remain the same in and around the 
neighbourhoods; moreover, the distance weighting method helps to represent the stability of the 
neighbourhood walkability. 

2.6 Pathway Length 

Calgary has the most extensive urban pathway network in North America [72], connecting its parks, 
natural areas, and part of its neighbourhoods. Pathways provide dedicated routes for biking, 
rollerblading, walking, running, etc. Since the walkscore index is not calculated on pathways, this 
variable was included to provide additional information on walking opportunities in each residential 
neighbourhood. Pathway data were downloaded from the City of Calgary website and their length was 
measured (in Km), for each neighbourhood, in ArcGIS. 

3. Methods 

Child overweight and obesity exhibit distinct spatial patterns across the city (Figure 1). Therefore, 
two distinct spatial models analyze their association with each risk factor. Further, healthy-weight 
children are considered at risk of becoming overweight, and overweight children are considered at risk 
of becoming obese in the simulation model [9]. Correlation and cross- correlation analysis was 
performed between the dependent and independent variables at the global level. The analysis suggested 
only some moderate multicollinearity (presence of highly inter-correlated independent variables). This 
issue should not be problematic for local level analysis. Tests of multicollinearity in local analysis are 
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relatively recent and there is currently little consensus about their reliability in the literature [73–75]. 

  

  

Figure 1. Spatial distribution of children, walkscore, overweight children and obese children. 

3.1 Geographically Weighted Regression 
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Geographically Weighted Regression (GWR) is a local spatial analytical technique, which extends 
the traditional global regression framework (1) by estimating local parameters for a geographic window 
moving across a dataset [56]. 

Yi =β0+βk Xik 
+εi                                                                   (1) 

The typical GWR model is expressed by (2). 

Yi=β0（ui, vi）+∑βk（ui, vi）Xik 
+εi                                                    (2) 

k 

Besides standard regression notation, the term (ui, vi) denotes the geographic coordinates of the ith 

point in space. Hence, equation (2) yields i local regressions over each sample point, and a total of i*k 
regression coefficients. If the relationships do not exhibit spatial variability, (2) coincides with 
(1).Under standard regression assumptions, both equations can be solved by the ordinary least squares 
(OLS) method, which includes a spatial weight for (2). OLS regression coefficient estimates for the 
GWR model are expressed by (3):  
∧  

β（ui, vi）= (XTW（ui, vi）X)
-1 XTW（ui, vi）Y                                            (3) 

∧  

Where β k (ui, vi) represents an estimate of βk (ui, vi), and W(ui, vi ) is a spatial weights matrix. 
GWR assumes that observations near each point i exert more influence in the estimation of 
parameters at location i than those further away [56]. Several weighting functions are used to define 
local areas1where GWR parameters are estimated. Among the most common are fixed and adaptive 
kernels, where kernels are drawn around each sample point. With fixed kernels, a buffer is defined by a 
fixed distance, and local kernels may contain a varying number of observations, if the latter are not 
uniformly distributed. With adaptive kernels, the distance can vary, in order to retain a constant number 
of nearest neighbours in each kernel. In this study, an adaptive kernel was preferred, as spatial units 
(urban neighbourhoods) vary in size and shape over the study area. For adaptive kernels, bandwidth is 
defined as the number of nearest neighbors forming each local area. The weight inside the bandwidth 
reaches monotonically zero as the distance increases [76]. Akaike Information Criterion (AIC) is 
generally used to select the optimal bandwidth [77]. In this application, a bandwidth of 50 nearest 
neighbours was used in both regressions. 

GWR yields a large number of estimates, which are not easily tabulated and are generally mapped to 
visualize their spatial variation [78]. Mapping the statistical significance (measured by the t value), 
alongside each parameter, provides further insights on the association between dependent and 
independent variables. In mapping the t-values, we categorized them according to the common 
significance thresholds of 90%, 95% and 99% [78]. Still, these process typically results in numerous 
maps (k*2) for multivariate regressions. In this paper, we introduce a novel mapping method that 
combines in single map information about individual parameter and their significance, along with the 
portion of variation explained by each local model. 

                                                               
1  These areas are generally referred to as “neighbourhoods”, but we avoid using this term to avoid confusion with the urban 

neighbourhoods analyzed in this study. 
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3.2 Simulation Modeling 

Simulation modeling methods are used to understand dynamic complex systems and to predict the 
outcome of change [79]. They include system dynamics, which is used to study the relationship 
between dynamic behaviour and structure in terms of feedback loop mechanisms [80]. In a system 
dynamics model, the phenomenon under study is conceptualized as a series of connected stock and 
flow diagrams. Behind each stock and flow, there is a set of mathematical equations that determine 
how stocks and flows are connected and interact with each other. Such models can be run in a steady 
state and change (intervention) can be simulated based on different input scenarios [81]. In short, a 
system dynamic model provides a simulation environment to learn how action in the present can trigger 
plausible reactions over time [82]. 

In this study a simulation system dynamics model was specified in VensimTM [83]. The simulation 
model was structured around the GWR obesity model. Three weight categories (healthy-weight, 
overweight and obese) were included in the model as stocks, representing the total number of children 
in each category. The stocks were connected with flow arrows representing potential transitions of 
children from one stock to the other, defining the variables ‘overweight to obese’ and ‘healthy to 
overweight’. These variables governed the flow rate, which was directly or indirectly influenced by 
interventions. In order to represent each neighbourhood separately, 174 simulation models were defined 
using subscripts with each stock and variable. The model was constructed as progressive: each child 
enters the system in any of the stocks based on their BMI percentile, and can only move to the adjacent 
stock; i.e., it is not possible to move directly from obese to healthy-weight and vice versa. For 
simplicity, one year was defined as time it takes to perform walkability intervention and for the obesity 
rate adjustment time. Figure 2 shows the complete simulation model with all the GWR coefficients and 
variables. 

3.3 Integration and simulation 

Once the simulation model was tested in equilibrium state, interventions were introduced. The 
GWR model results were inspected to identify neighbourhoods where childhood obesity is high, and 
walkability is low and significantly associated with childhood obesity. A local walkability intervention 
was simulated on these neighbourhoods, based on two alternative scenarios: a 10-point, and a 20-point 
increase in walkscore. While all variables are modifiable at some scale, no other variable was altered. 
Based on 2005–2008 child data, the model ran a simulation from 2009 to 2015. After this initial 
intervention, GWR models were re-run on the new walkscore values, yielding a smaller subset of 
neighbourhood where walkscore was still significantly associated with obesity. 

The concept diagram of the integration of GWR and simulation model with the feedback process is 
shown in Figure 3. The process was repeated for the 2 scenarios. The results of the GWR models 
before and after the intervention were compared for each targeted neighborhood, to assess the impact 
of the intervention on obesity prevalence and the new significance of the association between 
walkscore and obesity. 
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Figure 2. Complete Simulation Model. 

 

Figure 3. Integration of GWR and SD Simulation Model. 

4. Results 

Descriptive statistics for all variables are summarized in Table 1. The table shows the global 
statistics (for the entire study area). As show in the Table (Standard Deviation), the variables display 
large variability across neighbourhoods. Summaries for two sample communities, Forest Heights (FHT) 
and Saddle Ridge (SAD) are also shown, to exemplify how data vary across neighbourhoods. 
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Table 1. Descriptive statistics of dependent and independent variables. 

174 neighbourhoods Min. Max. Mean Median Std.Dev. Forest Heights Saddle Ridge 
Total children 8 1232 215 158 215.02 212 702 
Overweight children 1 139 27 18 26.55 31 79 
Obese children 1 122 21 12 23.43 27 108 
Normalized overweight children 24 278 128 124 38.08 146 112
Normalized obese children 27 214 92 86 38.34 127 154 
Immigrant population 93 818 231 208 97.48 368 469 
Education 0 381 102 77 77.85 289 167 
Median census family income 27 280 96 88 36.90 58 74 
Proximity to fast food restaurants 0 1000 388 303 340.37 561 153 
Proximity to parks 0 1000 845 942 204.41 1000 523 
Walkscore 15 93 52 50 17.68 72 43
Pathway length 0 22 4 3 4.04 1 4 

4.1 Spatial Analysis 

The results of the obesity GWR are summarized in Table 2, where summary results are 
presented in the table, while the local regression results are visualized in detail in the map. 

Table 2. Geographically weighted regression of child obesity prevalence. 

 Regression Summary 
Regressions 174 Local Sample 50  

 
Mean Local 
R2 

 
0.30 

 

Local R2 Min. 0.09 Local R2 Max. 0.62  
 

Coefficients Min Max Mean Range

Education -0.31 0.39 0.06 0.70 
Immigrants 0.00 0.34 0.08 0.34 
Family income -1.04 0.27 -0.12 1.31 
Prox. Fast food -0.03 0.04 0.00 0.07

Prox. parks -0.09 0.04 -0.02 0.13 
Walkscore -1.59 0.77 -0.05 2.36

Pathway length -4.98 2.92 -1.26 7.90 
 

Obese Children  

Total 3,626 Percent 9.7

Average 21 St. Dev 23.4

 

The negative association between obesity and walkability is significant (95%) in 24 
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communities. As shown in Table 2, all of these neighbourhoods are located in the Northeast, an area 
where childhood obesity is mostly above the city average, ranging from 64 to 192 per 1,000 children, 
whereas the city average is 92 per 1,000 children. Walkability in those communities is generally low, as 
63% are car dependent (compared to 48% over the whole city) 25% somewhat walkable (vs. 33% over 
the whole city), and 12% highly walkable (vs. 19% over the whole city). 

4.2 Simulation 

Two walkscore scenarios (10-point increase and 20-point increase), were computed for the 24 
identified neighbourhoods. Both scenarios yielded a reduction in the obese children stock in all 24 
neighborhoods. 
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Figure 4. Simulation results of two selected neighbourhoods. 

Figure 4 exemplifies the simulation results over the 6-year period. Due to the large number of 
neighborhoods, the results are shown in detailed only for two sample communities, as in Table 1, above. 
For each neighborhood, the simulations show: Scenario: “base” (no intervention); Scenario: 
“Walkscore10” (10 point increase); and Scenario: “Walkscore20” (20 point increase). The plots in 
Figure 4 show the impact of each simulation on the three stocks of children: healthy-weight, overweight, 
and obese. 

“Walkscore10” decreased the number of obese children, triggering a flow from the obese to the 
overweight stock. However, walkability was not significantly associated with overweight in these two 
sample communities. While the parameter values were small, the flow between the overweight and the 
healthy stock was lower than the flow between obese and overweight stocks. This backup phenomenon 
resulted in an influx of overweight children during the first year, as a number of children transitioned 
from the obese to overweight stock, but this transition was not followed by a proportional transition 
from the overweight to the healthy-weight stock (due to the non-significant association between 
overweight and walkscore). Nonetheless, a modest increase in the number of healthy-weight children 
is observed in both neighborhoods. “Walkscore20” followed the same pattern as “Walkscore10” but it 
was more effective. “Walkscore20” further decreases the obese children, created higher influx of 
overweight children and increased the number of healthy children. 

Both simulations output new numbers of children in each stock, in each neighborhood. The 
number of obese children was normalized and fed into the GWR obesity prevalence model, which was 
run again to model the new obesity prevalence (Figure 3). Table 3 shows the comparison of the 
baseline parameter values with the parameters of “Walkscore10” and of “Walkscore20” in the 24 
targeted neighborhoods. 

Both “Walkscore10” and “Walkscore20” yielded increased numbers of healthy-weight children 
and decreased number of obese children. Most neighbourhoods exhibit the backup phenomenon of 
increased overweight children; however, this is only due to the transition from obese to overweight, as 
in no case has the number of healthy-weight children decreased, or the number of obese children 
increased. Both simulations decrease the significance of walkability as a risk factor of obesity: with 
“Walkscore10” it falls below 90% in three neighbourhoods (highlighted in light grey), from 95% to 
90% in one neighbourhood (bold), and from 99% to 95% in two neighbourhood (highlighted in dark 
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grey); with “Walkscore20” it falls below 90% in five neighbourhoods, from 95% to 90% in one 
neighbourhood, and from 99% to 95% in four neighbourhoods. 

Table 3. GWR results for “Base”, “Walkscore10”, and “Walkscore20”. 

 

 

5. Discussion 

Neighbourhood walkability is desirable and generally associated with higher level of physical 
activity, yet in Calgary walkability tends to be higher in areas where the presence of children is lower 
(Figure 1). This measured relationship is likely an indication of other underlying relationships, such as 
that between walkability and SES, and between walkability and distance from the city core; these 
latent relationships may also compound and confound the measured relationship between walkability 
and childhood overweight and obesity. In our multivariate analysis of childhood obesity, the measured 
factors are simultaneously entered in each local regression. The model suggests that poor walkability 
alone is not necessarily associated with higher rates of childhood obesity; rather, it identifies a small 
set of deprived neighborhoods, where poor walkability, along with high density of children, lower 
socio- economic status, lower education attainments, and recent immigration are associated with higher 
childhood obesity rates (Table 2). 

The simulated increase in walkability in the neighbourhoods identified by the obesity model had 
the two-fold effect of reducing child obesity rates as well as decreasing the significance of walkability 
as a risk factor. The decline in the number of obese children was accompanied by an increase in the 
number of overweight children, due to the influx of children transitioning from the obese stock. The 
overall result was a modest, but measurable increase in the number of healthy-weight children, which 
was noticeable after only one-year interval. Though it may take more time for the impact to be fully 
realized, this results is encouraging, as the improvement will likely compound over time. Addressing the 
backup phenomenon of overweight children requires more research in the relationship between 
walkability and overweight in those communities. The decreased significance of the association between 
childhood obesity and walkability appears as a positive result, which, on one hand, may indicate that 
obesity rates have become ‘normal’ in those neighbourhoods; on the other hand, it exposes other factors 
within the multivariate model, that can be targeted by subsequent interventions. For example, 
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‘Immigrant population’, ‘Median census family income’ and ‘Pathway length’ are significantly 
associated with overweight in the targeted neighborhoods. Interventions on pathway length maybe 
feasible, and lead to improved neighborhoods accessibility, resulting in greater rates of active 
commute (walking or cycling), in access to healthier food options and, finally, yielding measurable 
reductions not only of the obese but also of the overweight child population. 

5.1 Walkscore index 

The Walkscore index is an imperfect measure of neighbourhood walkability. It is calculated for a 
generic population, and includes amenities that are not relevant to children [84]. Indeed, the majority of 
the literature on walkability indices focuses on adults [45, 49] and the few studies that focus on 
children [69, 85] are applied to small areas or school districts, therefore they cannot be immediately 
transferred to city neighbourhoods. Walkscore™ does not account for weather, neighbourhood safety 
and crime rates that may prevent people from walking in their neighbourhoods [49]. Grigsby-Toussaint 
et al. [62] and Finn et al. [86] did not find significant seasonal influence on the total physical activity in 
preschool children; however Calgary is subject to harsh winter conditions, and with several days each 
winter with temperatures below -20oC and strong arctic winds, when spending more than 15 minutes 
outdoors is not recommended for adults, let alone children. Further, Walkscore ™ does not account 
for self- selection, that is, people who like to be active choose to live in active neighbourhoods that 
provide amenities of their interest [29]. Self-selection may generate an overestimate of the 
association between neighbourhood environment and physical activity. 

Despite all its limitations, Walkscore remained the only practical option for this study. 
Weinberger and Sweet [87] deemed Walkscore a robust and transferable measure, hence a useful proxy 
for the walking behaviour in an area. Carr et al. [49] supported these findings, further deeming the 
index valid and reliable, and a reasonable proxy for neighbourhood density and access to nearby 
amenities. Duncan et al. [45] validated the index for estimating neighbourhood walkability and 
confirmed its validity in multiple geographic locations and at multiple spatial scales [49]. Due to its 
ease of use, constantly updated database and simple, user friendly interface, walkscore has 
considerable potential for public health research [70]. 

5.2 Local dynamics and neighborhood level interventions 

Childhood obesity is largely a spatial phenomenon, associated with local environments and 
neighbourhood characteristics. Targeted interventions on at-risk neighbourhoods are likely to have 
lesser impact, but also lesser cost than city-wide (one-size-fit-all) interventions. The method presented 
in this paper helps to identify which interventions are suitable for which neighbourhoods and to 
evaluate their impact locally. Implicitly, the models identify neighbourhoods that are not in need of 
immediate attention. Further, the local analytical framework can aid the definition of diversified local 
policies, such as incremental walkability increases in one neighbourhood, and a combination of 
walkability and pathway length intervention in another one. Thus, the overall effect on obesity and 
overweight can be increased, while achieving cost reduction and improved resource allocation. All the 
data were sampled at the residential neighbour level, and all the analyses were conducted at the same 
level. In recognition of the ecological fallacy [88], as well as modifiable area unit problem [89,90], we 
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wish to emphasize that our analytical results are only valid at that scale, and no inference can be drawn 
at different scales. The scale used in this analysis involved the use of relatively small spatial units, 
which resulted in the removal of 11 neighbourhoods with low population numbers. While this was not 
ideal, the alternative would have been the use of larger spatial units. However, this would have led to 
less applicable analytical results, and possibly to biased results, as high population neighbourhood may 
dominate low population ones. 

Among the risk factors of childhood obesity, walkability lends itself to relatively easy 
interventions. Yet, changes to developed neighbourhoods occur slowly and infrequently, and physical 
interventions (e. g., widening sidewalks, controlling traffic, improving safety and streetlights) require 
specific and potentially large budgets. An alternative to physical interventions can be the allocation of 
resources to the targeted neighbourhoods, in the form educational programs and awareness campaigns, 
with the active involvement of schools and community associations. 

While studies analyzed walkability [29] and applied spatial analytical methods to model 
obesity [31] in Calgary and elsewhere, no other study has analyzed the geographical differences of 
children overweight and obesity separately, at fine spatial resolution, assessing their association with 
neighborhood-level risk factors. Increasing neighbourhood walkability does not imply that residents 
will walk more, but it can reduce one of the barriers hampering an active lifestyle for children (and 
adults). An important outcome of this research is an improved understanding of the complex, local 
environmental determinants of childhood obesity. Allocating resources only where they are needed can 
potentially overcome four disadvantages of planning city-wide interventions: more resources are 
required for city-wide interventions; local areas in greater need may not get enough resources; in some 
areas interventions may backfire, creating new problems; and evaluation of broad intervention may 
require more resources and yield misleading results due to averaging, as opposed to local-scale analysis. 

6. Conclusion 

Efforts to reduce and prevent childhood obesity can lead to overall reduction of obesity and to a 
healthier future, but require a thorough understanding of child obesity risk factors and the identification 
of vulnerable areas. Neighbourhood walkability is among the most important determinant of childhood 
physical activity and body weight. In this paper, overweight and obesity risk factors were analyzed 
separately, at the neighbourhood level. Using an innovative integrating of local analysis with 
simulation modeling, we identified target neighbourhoods where interventions were more likely to 
succeed. Target neighbourhood were identified by geographically weighted regression (GWR), which 
is a powerful tool to assess local relationships, yet does not address the potential outcome of what-if 
scenarios. This gap was filled by integrating GWR with simulation modeling, which allowed for a 
preventive evaluation of the potential success of the planned interventions in the targeted 
neighborhoods. The simulated intervention yielded a modest but measurable reduction in the number 
of obese children over a short time period. Further, it reduced the significance of walkability as a risk 
factor in the targeted neighbourhoods, thereby exposing other critical factors that could be targeted by 
subsequent interventions. The method is effective and showed promising results. It is general in nature 
that can be extended to the analysis of other localized public health issues. 
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