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Executive Summary

This report was prepared for the client, the Ontario Community Health Profiles Partnership

(OCHPP) team at the MAP Centre for Urban Health Solutions at St. Michael’s Hospital. The aim of this

project was to assess the presence and magnitude of the Modifiable Areal Unit Problem (MAUP), the

problem of different spatial units yielding different results, at various levels of geographic data

aggregation in Ontario Health Central. Recently, new “neighbourhood” boundary regions, the smallest

spatial units available, were created in Toronto, and this will be expanded for other Ontario regions. In

addition to neighbourhoods, there are multiple administrative regional boundaries in Ontario used in

health research, such as various types of Census regions or provincial boundaries. It follows that health

research in Ontario would also be impacted by the MAUP, but the extent of these effects tend to be

overlooked and are largely unstudied in Ontario.

This study used disease data provided by the OCHPP and census data from Statistics Canada to

conduct Multivariate Regression Analysis and Predictive Analysis on 366 neighbourhoods in southern

Ontario. The results indicate that significant predictors at different geographic levels are distinct, and that

a model from a high aggregation level will not be able to accurately predict the dependent variable at a

low aggregation level, but vice versa. Furthermore, as the levels of aggregation increase, there is only an

increase in correlation between a few variables and others being weakened.

Thus, this study provides support that the MAUP influences diabetes research when using

different levels of geographic data aggregation. In this project’s findings, some variables do not remain

significant at the CSD level. This was contradictory to typical findings in the literature seeing stronger

correlations with higher data aggregation, but this finding is likely attributed to a small sample size and

consequent lack of power in the CSD analyses. However, and fortunately for the sake of confidence in the

diabetes literature, the overall correlations between the predictors and diabetes prevalence remained

generally consistent. We further discuss limitations and recommendations to handle the MAUP.
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Introduction

Research has shown a significant influence of place of residence on health. Several studies that

focused on the relationship of neighbourhoods and health in particular, confirmed that physical and

socioeconomic factors associated with neighbourhoods, including social program availability, services,

infrastructure and facilities, access to green space and other indicators, can impact health in both positive

and negative ways (Awuor & Melles, 2019; O׳Campo et al., 2015; Vallée et al., 2020). Health may also be

directly affected by good access to a general practitioner or other medical service provider, even if the

medical facilities are not located in the neighbourhood itself, good transport links may still provide

residents with an advantage in terms of their health.

In addition, administrative boundaries are often used in health research, often because these are

the regions with available data. Common boundaries used in health research come from Canadian Census

geographic areas (e.g., Census subdivisions), as well as Local Health Integration Networks (LIHNs),

Sub-Regions, and neighbourhoods (see Figure 1).

Figure 1

Common Administrative Health Boundaries in Ontario

Note: Taken from the Ontario Community Health Profiles Partnership website.
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Much of the health data available in Ontario, similar to other jurisdictions, is provided at the

neighbourhood level. In Ontario, neighbourhoods are the smallest available spatial unit, and thus, are

often the scale often used in health-related research. Recently, the previous Toronto neighbourhood

boundaries (n=140) were replaced with new neighbourhood boundaries (n=158)(See Appendix B).

One of the problems of relying heavily on available administrative data in research is associated

with the MAUP, an issue related to the effects of scaling and zoning of spatial units in the field of spatial

analysis (Openshaw and Taylor, 1979). Doing analysis on selected administrative boundaries, often used

out of necessity, impacts the results and interpretations, though these effects often go without significant

consideration. Thus, researching the impact of MAUP in the context of Toronto and its surrounding areas

is necessary. Due to the change to the neighbourhood regions, and their being the smallest unit available

and consequent frequent use in health research, neighbourhoods are the primary geographic area of focus

to assess for this project.

Some of the commonly used indicators for measuring neighbourhood related population health

outcomes include premature mortality, life expectancy and chronic conditions, including diabetes (Awuor

& Melles, 2019; Gariepy et al., 2015). Meanwhile, diabetes, a chronic disease, is one of the leading

causes of death in Canada (Government of Canada, 2022). Consequently, this paper aims to use diabetes

as a case study, contribute to the knowledge base on the prevalence of diabetes, and consider the influence

of MAUP and its impacts on the distribution of diabetes cases and its predicting factors in selected

regions of Southern Ontario at the neighbourhood versus census subdivision (CSD) level. This study

explores how great these differences are, and what impact they may have in findings, interpretation, and

policy. Further, this project aims to assess if results at different data aggregations correspond to existing

findings about predictors of diabetes in the literature and evaluate if novel variables influence the

prevalence of diabetes in Toronto and the neighbouring areas. Finally, based on the findings,

recommendations are made for researchers in working with health data in Ontario.

Hypotheses

1. Significant predictors will be distinct at different geographical levels.
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2. Stronger correlations between diabetes and independent variables are expected as the

level of aggregation increases.

3. A model from one level of aggregation will not accurately predict diabetes prevalence at

a different level of aggregation.

Literature Review

The Modifiable Areal Unit Problem

The Modifiable Areal Unit Problem (MAUP), coined by Openshaw and Taylor (1979), was first

discussed through investigations of how data aggregation impacted correlation coefficient values. Here,

the authors found their correlation coefficient values changed with changes in boundaries and spatial data

aggregation. Notably, greater levels of data aggregation tended to see stronger correlations. This

highlighted two fundamental components of what is now known as the MAUP. First, the often arbitrary

and typically administrative drawing of boundaries can yield differing results (zoning). Second, the scale

at which data are analyzed may also see varied outcomes (scaling).

Subsequent research in geostatistics echoed these findings (Openshaw, 1984; Cressie, 1996).

Fotheringham and Wong (1991) discussed the MAUP in multivariate statistical analysis (here, being

regression models), and voiced concern regarding their findings of scale and zoning yielding

unpredictable impacts on results. They found both differences in intensity and effects of analyses, such

that even negative correlations could become positive at different levels of scale.

Since then, the impacts of the MAUP has been documented across a range of disciplines, such as

conservation (e.g., Moat et al., 2018), public safety (e.g., Xu et. al 2018), politics (e.g., Lee & Rogers,

2019), and business (e.g., Cartone & Postiglione, 2019). Similarly, the MAUP also plays an important

role in the field of public health. For example, a study conducted using data from the region of Picardy,

France, explored this phenomenon. This study employed three administrative spatial scales (the smallest

available units, grid cells composed of squares of the same sizes, and counties of irregular sizes and

shapes) to explore the relationship between exposure indicators, socioeconomic factors, and health
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outcomes (Saib et al., 2014). Through this research, the authors found consistent results across the three

scales on some measures, though they noted stronger associations in their larger geographical units.

Similar to earlier studies (e.g., Openshaw and Taylor, 1979), these authors attributed their finding of

stronger associations with greater areas to data aggregation. Fortunately, in this study, the authors still

found generally consistent results across their aggregations, minimizing the magnitude of the MAUP in

this case. Further, their exposure variables saw the least amount of variability across the spatial scales,

while their composite socioeconomic variable saw the greatest variability, highlighting the ranging and

uncertain impacts the MAUP poses.

More recently, in response to numerous studies pointing to environmental associations with

COVID-19 outbreak data, one study examined the impact of MAUP on such associations between

environmental factors (here using and COVID-19 mortality using data from two Chinese provinces,𝑁𝑂
2
)

Henan and Hubei, as a case study (Wang & Qian, 2020). Here, the authors found the associations between

COVID-19 deaths and varied across both aggregation level and strategy, leading the authors to𝑁𝑂
2

encourage caution in conducting and using geographic findings related to COVID-19 in order to better

guide public health measures.

MAUP is often disregarded or referred to as unsolvable in research. However, some scholars have

attempted to solve or decrease the impact of MAUP in different ways. For instance, in addition to a

comparison of statistical models and their results at different scales, a number of studies focusing on

income segregation (i.e., separation of various classes of people by income) tried to tackle MAUP by

conducting a multi-level analysis which uses a model-based approach that investigates spatial effects at

multiple scales simultaneously (Jones et al., 2018; Quick and Revington, 2022; Johnston, 2016). This

approach analyzes variance at one scale while excluding the variation at other scales. As a result,

according to Jones et al. (2018), while most preceding research showed the biggest segregation at the

finest scale with its measured intensity declining at higher spatial scales, several studies using a
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Multilevel approach have discovered that there was a bigger segregation at a higher scale (Jones et al.,

2018; Quick and Revington, 2022).

In the context of Toronto, a multilevel analysis study focusing on income segregation, that

analysed MAUP using data at three levels of aggregation (Census Tract (CT), dissemination area (DA),

and neighbourhood), defined a few interesting patterns (Quick & Revington, 2022). The scholars

discovered more income segregation within the Neighbourhood Improvement Areas (NIAs), while in the

city centre there was less segregation. On a bigger scale, the city centre showed very different results from

the rest of the city.

Another Toronto-specific example of tackling MAUP by Hazell and Rinner (2020) examined the

use of area based composite indices to model and evaluate urban environmental conditions of butterfly

populations across the city at two scales - dissemination areas and census tracts. The researchers

concluded that “the scale at which the data are aggregated had a greater impact on the overall model fit

compared to the composite indexing approach, whereby the CT-level models generally performed better

than the DA-level models” (Hazel and Rinner, 2020, p.1674). All Toronto based studies under analysis

admitted the influence of scale on the results and the presence of zoning and scaling effects on the results

(Hazell & Rinner, 2020; Mitra & Buliung, 2012; Quick & Revington, 2022).

Diabetes Prevalence and Predictors

There is considerable evidence to show that socio-economic status (SES) and its constituent

elements are associated with determinants of health. Diabetes as one of cardiovascular diseases, shows a

significant socio-economic gradient in the prevalence of disease risk factors (Rabi et al ,2006). Education,

income, race, and immigration status are found to be significantly associated with diabetes prevalence.

Diabetes prevalence was higher among individuals with lower income, fewer educational qualifications,

and non-professional occupations, those with lower SES are more likely to develop diabetes and suffer

from worse outcomes.

Years of education and income as important principles of measuring SES were also selected as

indicators to computed deprivation index in the research of Tompkins, et al (2010). In this study, an
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analysis of the patterns of correspondence between high diabetes rates and socioeconomic determinants of

health was conducted by overlaying diabetes prevalence rates and principal components, the result shows

that the principal components explained the higher percentage of variance were referred to as low income,

high rental, unemployed, low education, lone parent, and visible minority. Agardh et al (2011) used the

methods applied in the comparative risk assessment to explore the association between lower educational

levels and type 2 diabetes incidence and concluded that there is a considerable burden of type 2 diabetes

attributed to lower educational levels in Sweden. A number of studies have also demonstrated that

low-income populations are more likely to develop diabetes. Rabi et al (2006) generated household

income quintiles from DA annual income data and found that the lowest quintiles have the highest rates of

referral and also higher rates of diabetes than the upper quintiles.

In terms of diabetes prevalence and incidence, racial and ethnic disparities are an important public

health issue. As a consequence of the racial and socioeconomic patterns of segregation, obesity and type

II diabetes are theorized to be influenced by disparities in neighbourhood environments. As compared to

White participants, Black and Hispanic participants had 2.89 times and 1.48 times the odds of developing

T2DM (Piccolo et al. 2015). In bivariate analyses, there was a positive association between the prevalence

of diabetes and the percentage of non-Hispanic black and Hispanic residents in Washington (Piccolo et

al., 2015). Both Toronto and Chicago experience an association between ethnic groups and diabetes rates

that is closely related to immigration trends, (Kolpak and Wang, 2017).

Diabetes prevention must consider factors about individual-level behavioral lifestyle like physical

activity. However, upstream environmental factors like the urban built environment is a growing

recognition as potential targets for intervention. Many studies have focused on the neighbourhood's

context which can affect the health of individuals. Walking-friendly neighbourhoods, easy access to

services, and a variety of transit options can promote physical activities such as walking and bicycling

(Awuor & Melles, 2019). There is a strong and consistent association between the availability of walkable

destinations and transportation behaviors and diabetes. The distribution of parks and other green spaces
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can influence the frequency and intensity of physical activity. Piccolo et al. (2015) indicate that access to

parks and green space may potentially reduce diabetes.

There have already been several studies examining differences in diabetes prevalence according

to individual SES. However, any study that examines the relationship between health and place will be

influenced by the scale and design of the zoning used in the study. The MAUP can have a significant

effect on the analytical results of the same input data collected under different spatial units. A few health

studies have focused on MAUP, this study will investigate diabetes prevalence and SES indicators in the

Ontario region using two different spatial units in order to explain how the MAUP can affect results.

Data and Methodology

Study Area

In Canada, there are already more than 2.3 million people with diabetes aged 18 and over in 2021,

nearly half of whom reside in Ontario (Statistics Canada, 2022). Southern Ontario, as the main gathering

area of Ontario's population, is an excellent research area, and many health-related organizations regularly

publish neighbourhood-level health data in this area.

This study first used neighbourhood-level data to analyze the demographic distribution of

diabetes and used the Census Subdivision (CSD) for MAUP comparisons. The study area is located in

southern Ontario, which are distributed among five areas: City of Toronto, Central LHIN, Hamilton

Niagara Haldimand Brant, South West, and Erie St. Clair.

Disease data used in this study were obtained from the OCHPP. In the OCHPP system, there are

396 neighbourhoods, but due to the particularity of the MAUP study, 30 neighbourhoods were excluded

because the boundaries were not aligned with the CSD, across multiple CSDs, or were assigned to

different CSDs (see Figure 2). In the end, 366 neighbourhoods were included in the study, and these

neighbourhoods were formed into 37 Census Subdivisions after aggregation. Within the study area, the

total population of 20+ is about 5 million, and people with diabetes over the age of 20 accounts for about

12% (0.6 million) of the total population.
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Figure 2

Map of Study Area

Variables

The data were divided into two sections: disease data from OCHPP and 2016 census data from

Statistics Canada (see Table 1). This study's primary disease outcome measure was the number of diabetes

cases reported by the OCHPP among residents aged 20+, The included variables are selected on the basis

of following criteria: acknowledged association to health, not too specific or too broad, have high

likelihood of causality, availability in the 2016 Canadian census data, and the most important is their

established relationships as socioeconomic determinants of health in the literature. In this study, we

choose median after-tax income of households, renter and unemployment as indicators of income, and no

certificate, diploma, or degree to assess the education level, and immigration status and visible minority
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variables are also included to measure the SES. As for physical activity, we choose to use the main mode

of commute by bike or walk as a variable.

Table 1

Study Variables

Name Variables
Name

Year Spatial
Resolution

Data
Source

Description

Adult Health and
Disease-Diabetes

Per_DC_Both 2019 Neighbourhood Ontario
Community
Health
Profiles
Partnership

Number of people with
diabetes 2018/19, All Ages
20+

Ontario Conversion
File

/ 2016 Disseminations
Areas,
Neigbourhood

Provided by OCHPP to
aggregate data from the
Disseminations Areas level
to other higher levels

Median after-tax
income of households
in thousand ($)

MATI_HH_K

Disseminations
Areas

Statistics
Canada
2016
Census

Number of after-tax income
recipients aged 15 years and
over in private households

Education - No
certificate, diploma, or
degree (%)

Per_NO_CDD Highest certificate, diploma
or degree for the population
aged 15 years and over in
private households

Visible minority in
private households (%)

Per_VM Visible minority for the
population in private
households

Immigration in private
households (%)

Per_Imm Immigrant status and period
of immigration for the
population in private
households

Unemployment (%) Per_Unemp Population aged 15 years
and over by Labour force
status

Renter (%) Per_Renter Private households by
tenure

Physical activity -
Main mode of
commute by bike or
walk (%)

Per_JtW_WB Main mode of commuting
for the employed labour
force aged 15 years and
over in private households
with a usual place of work
or no fixed workplace
address
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Data

The initial step is to create the neighbourhood boundary, GIS software Arcmap was utilized to

generate boundary files for the research. Since OCHPP and Ontario do not share the same definition of

neighbourhood, GIS software is required to create the boundary. Download the DA and CSD boundary

data for Ontario from Statistics Canada. Then, through the Ontario Conversion File, execute "Join,"

provide DA with the neighbourhood ID where it is located, and then execute "Dissolve" to obtain the

OCHPP neighbourhood boundary. After removing neighbourhoods that are ineligible for MAUP studies,

"Clip" yields the same study area at the CSD level.

The second step is to collect socioeconomic and disease data. The 2016 census data were

obtained from Statistics Canada, and the data at the DA level that synthesized the variables above were

chosen. Since this study needs to be analyzed at two levels, neighbourhood and CSD, all DA data must be

aggregated, which requires using OCHPP's Ontario Conversion Files. All DA neighbourhood IDs can be

assigned to DAs by merging, followed by a merging sum. Due to the fact that the Median after-tax

income of households is not a count value, it must be multiplied by the number of households in each DA

and then divided by the number of households in the area after being summed at the neighbourhood or

CSD level. Finally, perform percentage processing on variables other than the Median after-tax household

income. The OCHPP website provides chronic disease data for 2018-2019 for all neighbourhoods, all data

can be downloaded directly. The diabetes data are extracted from the downloaded file, but since the file is

in.xlsx format, a separate.xls file will be created for diabetes in order to manage these data efficiently, and

the tables will be merged according to the OCHPP Neighbourhood ID.

The final step involves combining processed socioeconomic data and disease data with boundary

files (see Figure 3), followed by multivariate regression analysis in SPSS, predictive analysis using the

regression results, and visualization in Arcmap.

Figure 3

Data Processing Workflow
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Method

Step One:

Data created from the figure above will be loaded into SPSS and rated. Once rated, it will allow

the diabetes variable to be mapped for NH and CSD levels.

Step Two:

The models will be created on SPSS using the linear regression analysis tool. The stepwise

function will be used in order to ensure the creation of a statistically sound model that passes all

multicollinearity tests and manual revision will be done. Stepwise regression removes all variables that

are insignificant or weakly correlated, thus going through many models in order to find the one with the

highest R^2 value.

Step Three:

Another model will be created on the NH level to reflect the variables chosen by the stepwise

process in the CSD model. These two models will then have different geographical scales but the same

variables. The residual values for both the models will be mapped and compared afterwards in order to

highlight the MAUP effect.

Step Four:
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The predictive analysis will be performed, using the regression coefficients at the neighbourhood

and CSD levels as predicted values, and "predicting" at another level. The predicted results are then

compared with the actual results to see how the predictions differ between the two levels.

Figure 4

Method Workflow

Data Analysis and Interpretation

In order to portray MAUP intuitively, this study employs the same diabetes range mapping at the

neighbourhood and CSD levels (see Figure 5). Northwest and East Toronto had a high prevalence of

diabetes at the neighbourhood level, but significantly lower rates at the CSD level. This is due to the

merger of Toronto's at the CSD level. However, there are few diabetics in central, southern, and

southwestern Toronto; hence, when the statistics are averaged at the CSD level, it appears that Toronto

has fewer diabetes overall. Similar phenomena occurred in several other neighbourhoods, including those

to the east of Erie St. Clair, the south of Hamilton Niagara Haldimand Brant, and some other locations.
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Figure 5

Map of Diabetes Distribution at the Neighbourhood and CSD levels

Multivariate Regression Analysis

Multivariate regression helps in determining relationships and analysing patterns with large data

sets. Due to the nature of MAUP, one of the ways to compare variables between geographical regions is to

create models and see differences in variable relationships.
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The first model created will be based on the 37 census subdivisions and the second model will be

based on 366 neighbourhoods. The dependent variable that will be used across both models is total

diabetes in 2018/2019 for ages 20+. By creating two different models with different data aggregations on

the same geographical area, the extent of the MAUP is displayed.

This study is able to see from the models how certain variables are significant in the NH model

versus the CSD model. The analysis starts by adding variables to the model; if they are not significant,

SPSS removes them. Table 2 and Table 3 show the models created. From the models this study can see

that 6 out of the 7 independent variables are significant in the neighbourhood model, but only 3 out of 7

are significant in the CSD model.

Table 2

CSD Regression models

Table 3

NH Regression models
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In terms of the MAUP effect, this shows how different geographical levels provide different

significant variables. The excluded variables are shown in Table A1. Between the two models, variables

that remain consistent are median after-tax income of households and visible minority in private

households. The CSD model uses immigration as a significant variable however the NH model does not.

Table 4 shows the Pearson correlations between the variables chosen by the stepwise function in

regards to the CSD geographic level. We are able to note that only median after tax income has a negative

correlation with our study variable diabetes, meaning that when diabetes increases median income

decreases and vice versa, which corresponds with other researches that lowest quintiles of household

income have higher rates of diabetes than the upper quantiles, several studies have observed similar

associations (Lord et al., 2020; Rabi at al., 2006). On the other hand, with the rate of immigration and

visible minorities increases we can observe a positive correlation meaning that when diabetes increases,

the rates do as well. Table 5 shows the coefficient values of the CSD model. In this table the coefficient

for immigration is negative even though the correlation was positive. This happened because there is a

high correlation between the immigration and visible minorities rate variables. It also shows that there is

multicollinearity based on the VIF statistic, this due to the size of the CSD data and is spoken about more

later on in the limitations section.

Table 4

CSD Final model Correlation values

Table 5

CSD Final model Coefficient values
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Table 6 shows the Pearson correlation values between the variables chosen by the stepwise

function in regards to the NH geographical level. Median income was a variable chosen in both models

and can be noted that there was a negative correlation in both models as well. In this model, physical

activity rate and renter rate have a negative correlation with diabetes. This makes sense as one would

expect that someone who walks or bikes to work would not have any illness. It is interesting to note that

in both models immigration rate had a positive correlation with diabetes but was only significant for the

CSD model. Also immigration rate had a positive correlation with median income on the CSD level but

negative on the NH model. The same thing occurs with the visible minority variable as it previously had a

positive relationship with median income but it is negative on the NH level. This suggests that as the

geographical extent of an area reduces then diabetes is affected in different ways by variables.

Table 6

NH Final model Correlation values

From the coefficient table for the NH model (Table 7) we can look at the coefficient beta value

and see that there are three variables in the model that have negative relationships with diabetes. These

variables are renter %, physical activity % and median after tax income. This validates the existing

knowledge about predictors of diabetes, as research has shown that income, physical activity and a

walkable neighbourhood environment can have a positive influence on diabetes prevention rates

(India-Aldana et al., 2022; Lord et al., 2020; Rabi at al., 2006).

Table 7

NH Final model Coefficient values
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The differences in the associations between immigration status and diabetes can be explained by

the fact that the influence of immigration on diabetes varies depending on the country of origin. For

instance, Kolpak and Wang’s (2017) study about the prevalence of diabetes in Toronto determined that

native born and North American ethnicity were associated with lower rate of diabetes, while foreign born,

Asian place of birth has the opposite association with diabetes.

When examining the residual map (see Figure 6), it is important to note that the positive values

on this map indicate that the model underpredicted diabetes prevalence and the negative values mean that

the model overpredicted diabetes. When a residual has a value greater than three or less than negative

three, one can call this residual an outlier. In order to compare the residuals on two different levels of data

aggregation it was important to keep the variables the same between the two models. This meant using the

variables from the stepwise CSD model in Table 2 to create a NH model which can be seen in Table A4.

There are limitations to this approach as one variable in the new NH model is not significant. However

this also helps us observe the residuals in relation to the MAUP effect and the problems it creates. On the

NH level map we can observe a few outliers in the lower part of the downtown of Toronto. The model

underpredicts many nieghborhoods near the east and west of Toronto and overpredicts nieghborhoods

through the middle and lower end. The CSD map shows that there are not any outliers and the model does

not overpredict or underpredict by much.

Figure 6

Map of Residual at the Neighbourhood and CSD levels
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Predictive Analysis

Next, this study applies the regression coefficient results of different models to the neighbourhood

and CSD levels to test the accuracy of the regression model in predicting other levels. Use the regression

coefficient results at the CSD level to predict the neighbourhood and CSD level, and the regression

coefficient at the neighbourhood level (using all variables) results to predict the CSD level. The

regression coefficients and calculation formulas used in the three predictions are as follows:
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Predicted value (from CSD Model) = 18.284 + (-0.079*MATI_HH_K) + (0.116*Per_VM) +

(-0.128*Per_Imm)

Predicted value (from Neighbourhood Model) = 10.672 + (0.187* Per_NO_CDD) + (0.042*Per_VM) +

(-0.1*Per_JtW_WB) + (-0.049*MATI_HH_K) + (-0.043*Per_Renter) + (0.3*Per_Unemp)

After making predictions for different levels, this study subtracted the predicted value from the

actual value, so that the error between the predicted and actual values could be obtained. It can be seen

very clearly that when using the CSD-level regression coefficient to predict the neighbourhood level, the

results show that there is a large gap between the actual value and the predicted value in many regions

(see Figure 7). The model severely underestimates areas to the east of the City of Toronto, areas to the

south of Hamilton Niagara Haldimand Brant; and severely overestimates areas to the central, south, and

southwest of the City of Toronto, and areas to the west of Hamilton Niagara Haldimand Brant.

Figure 7

Map of Prediction Difference at the Neighbourhood levels
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However, when the CSD level is predicted by the regression coefficient of the neighbourhood

level, the situation becomes different (see Figure 8). The predictions of most regions are relatively

accurate, much better than the prediction of neighbourhoods by CSD regression coefficient, and the

prediction errors are significantly reduced.

Figure 8

Map of Prediction Difference at the CSD levels
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When using 3 variables (MATI_HH_K, Per_VM, Per_Imm) for prediction, the error was

reduced to between -1.98% and 1.87%. When using 6 variables (Per_NO_CDD, Per_VM, Per_JtW_WB,

MATI_HH_K, Per_Renter and Per_Unemp) for prediction, the error was reduced to between -2.13% and

1.72%. This is much more accurate than the prediction error (-12.1% ~ 7.5%) obtained by predicting the

neighbourhood through the CSD regression coefficient (see Table 10).

Table 10

Prediction Difference Statistics

Conclusions

Overall, this study provided evidence that the MAUP does appear to influence results when using

a linear regression model to predict diabetes prevalence between the two study areas (neighbourhoods and

Census subdivisions). This study serves as a case study showing the importance of acknowledging the

impact of the MAUP in local research. Namely, some significant predictors of diabetes varied across the

two models, and the strength of prediction of diabetes by independent variables varied across the models.

Further, other analyses, such as descriptive statistics and measures of spread, also showed variables

differed across the models. Notably, one of our findings was inconsistent with our hypotheses and the

literature, as the CSD model, of greater data aggregation, actually showed weaker predictions of diabetes.

However, we attribute this to the sample size limitations at the CSD level (n = 37). Fortunately, the results

of our regression were overall generally consistent with existing literature related to predictors of

diabetes, posing less concern about the reliability of research in this area.
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Limitations

In terms of limitations, it should be noted this study was restricted in some ways, which could be

improved upon for future research. First, because we were unable to access raw data for diabetes

prevalence across geographic units due to data restrictions and availability, we could not conclude patient

characteristics. We had to create some of this data ourselves using what was available like census

variables to explore the relationships between diabetes prevalence and SES. Access to raw data at

different levels of aggregation would improve the power of these analyses and the ability to draw

comparisons between scales. Second, this study used a smaller sample size, particularly problematic at the

Census subdivision level where the sample only included 37 subdivisions. Because of this, the variables

were not all normally distributed, posing problems for the reliability of analyses. Likewise, this creates

problems of power, where effects are less able to be detected with smaller sample sizes. Consequently,

this may also account for differences between the two models. To improve upon this, improving data

availability would also enable using greater sample sizes for future research.

Recommendations

Despite these limitations, our study indicates the Ontario region is unsurprisingly not immune to

the MAUP. This creates undoubtable challenges for researchers, however, we offer some

recommendations. As such, we suggest using lower levels of data aggregation for health related data

analysis, along with running analyses at multiple levels of aggregation to decrease a chance of missing

important differences that are not evident at a larger scale or inflating effects that may not be so important.

In addition, we recommend collecting and using individual data that has not been aggregated where

possible, or to help strengthen findings, though challenging with privacy concerns. Finally we recommend

using other exploratory and statistical analyses to reinforce the confidence in results before using these

findings in health related decision making.
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Appendix A

Table A1

Excluded Variables from NH model

Table A2

Excluded Variables from CSD model
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Table A3

NH model with 3 variables

Table A4

Coefficients for All NH models
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Appendix B

Figure B1

New Neighbourhood Boundaries in Toronto

Note: Taken from the City of Toronto, Social Policy Analysis & Research.


