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ABSTRACT 

litle Data Spatial Aggregation Issues ln Public Health Analysis 

Degree Master of Geography 

Author Piotr Gozdyra 

Supervisors Car1 Amrhein, David Buckeridge 

Department Geography and Planning. University of Toronto 

This study examines the impacts of spatial aggregations of data on the outcornes of univariate 

and biviariate statistical analyses in an epiderniological cantext. Health and socioeconomic 

variables are used to examine a changing interdependency between these two elements at 

various levels of spatial aggregation. In order to complete these tasks a series of spatial data 

aggregations (scaling) and regroupings (zoning) are conducted and selected standard statistics 

are calculateci at each of these levels. This study evaluates also the appropriateness of the use 

of standard statistical units in the settings of public health studies. An overview of selected 

contemporary issues in spatial statistics and epidemiology precedes the case analysis. 

The findings of this study reveal that spatial aggregation and rezoning of health and SES data 

have a substantial influence on the results of statistical analyses. Standard spatial units show 

less desirable characteristics for the study of the impacts of an income variable on the rates of 

avoidable hospitalizations than the custom units constructed in this study. These alternative 

spatial units are proposed as more informative than the standard ones based on comparative 

statistical outwmes for the area of Toronto's inner city at the neighbourhood level. 
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INTRODUCTION 

One of the most comrnon difficulties in analyses of spatially distributed data is related to the level 

of their aggregation. This aggregating of data begins with the summing of individual-level 

responses within spatial units. This is a comrnon procedure of many of the data supplying 

institutions and it is normally performed in order to pro!vi;t subjects' confidentiality, Save storage 

space and processing time, or organize data to mûke it compatible with other databases. The 

grouping of individual data into areal sums has an effect on results of many univariate, bivariate 

and multivariate statistical analyses. This phenomenon is referred to in spatial sciences as the 

Modifiable Areal Unit Problem (MAUP). Unfortunately MAUP often is ignored in non-geography- 

related fields, even when these disciplines are regularly engaged in analyses of spatial data. 

Health-related sciences such as epidemiology or public health administration rarely consider the 

spatial component of data in their day-today research. Conversely, geographers who analyze 

effects of MAUP seldom venture in10 cross-disciplinary studies that would show the effects of 

MAUP on various data sets. 

This study focuses on the problem of data aggregation and zoning within the setting of a simple 

epidemiological analysis in the area of Central Toronto. 

Problern statement 

Many research projects must deal with such difficulties as 1) data from various, often 

incompatible, aggregation levels, II) a need to comply with pre-defined administrational or 

statistical units, III) data confidentiality. The choice of data aggregation level may have a crucial 

influence on subseguent statistical analysis and the formation of correct conclusions. This 

process of choosing the appropriate aggregation units can create many hard-to-answer questions 

for researchers who recognize the importance and complexity of the spatial component in their 

data analysis. The descriptive nature of this study is motivated by three such questions: 

1. Why is it important to consider the spatial aspect of data grouping in the public health 

studies? 



2. If the spatial data grouping is important in public health analyses - which of the 

aggregation levels are most appropriate for collecting and integrating health and 

socioeconomic data in the Toronto's inner city settings? One can rephrase this 

question by asking which of these aggregation levels generates the most insightful 

results of statistical analysis. 

3. Based on the findings of this study - can more general recommendations be made 

as to the methods of searching for the most appropriate data aggregation level prior 

to conducting statisticat analyses? 

The first and the third of these questions are of a more general nature and the answers to them 

may be valuable to other public health analyses that apply geographically delineated data. The 

second question is more specific to the study area and variables chosen for this analysis. The 

attempt to answer al1 three research questions is made based upon the case analysis of this 

study and can be found in the 'Conclusion' section of this document. 

In order to address the above stated questions several standard statistics are calculated for 

selected health and socioeconomic variables in the study area. The study examines the mean, 

the variance, the covariance and the coefficient of a linear regression. The analysis is repeated at 

different spatial aggregation levels of data, which include the basic level of census tracts, City of 

Toronto-defined neighbourhoods and two levels of non-standard aggregations constructed for the 

purpose of this study. 

The study area used for this project is influenced by the preferences specified in the Time Trends 

Analysis Project undertaken by the St. Michael's Hospital lnner City Health Research Unit 

(Glazier et al., 2001). The area possesses characteristics that are uniquely rich from an Ontario 

and also Canadian perspective. Arnong the most informative characteristics are: (1) wide range 

in socioeconomic status of the area population, (2) high ethnic diversity (see Map 1). (3) large 

differences in age and farnily structures (see Map 2). (4) substantial differences in living 

conditions (see Map 3), (5) highly mixed urban structures. 



Map 1: Recent immigrants as a percentage of the total population, 1996. 
Percent of Recent Irnmiaranon. 1996 N 

Map 2: Single parent families as a percentage of al1 families, 1996. 
Percent of 8ngie Parent Families. 1996 N 



Map 3: Apartment building dwellings as a percentage of al1 private dwellings, 1996. 

Study rationale and objectives 

Use of different spatial data aggregation levels for analyses is, in most cases, accompanied by 

the Modifiable Areal Unit Problem. MAUP may cause infation or deflation of simple statistics of 

the explanatory and response variables. It may also change the strength of the relationship 

between them. In most cases aggregation of data from smafler into larger spatial units increases 

the correlation between various attributes in the study area (Fotheringham et al., 1991). The 

aggregation of data from the census tract level to larger cells, referred to in this study as 

neighbourhoods, is expected to induce changes in simple statistics of the analyzed variables and 

the relationships between them. The magnitude and nature of these changes depends on 

several factors such as the level of aggregation, adjacency constraints, initial spatial 

autocorrelation of the variables, the criteria according to which the aggregation is constructed and 

on other determinants. In this study we assume that an inverse refationship exists between 

sociaeconomic status and rates of avoidable hospitalizations, and use this knowledge to 

determine which aggregation method may be the most appropriate for analyzing this relationship. 



In addition, Our analysis examines the homogeneity of socioeconomic and health-status within 

neighbourhoods defined by the City of Toronto, and within the custom aggregation trials 

constructed in this study. 

There are three issues of importance that formulate the rationale for this study. These underlying 

principles are addressed throughout the 'Case study' and 'Conclusions' sections of this 

document: 

4 To examine the impacts of scaling and zoning of spatially ordered data on 

rudimentary statistical analyses of a public health nature. 

4 To demonstrate methods of generating alternative-to-standard spatial data units. 

+ To assess the value of the City of Toronto-defined neighbourhoods from a public 

health research point of view. 

Thesis structure 

The 'literature review' section of this study gives an overview of relevant knowledge from the 

fields of spatial sciences (spatial and statistical issues in geography), epidemiology (Ambulatory 

Care Sensitive conditions) and social sciences (socioeconomic status). The 'case analysis' 

section describes socioeconornic characteristics of the study area, data sources, methodological 

design of the spatial and statistical analysis, the results of the analysis and their potential 

applications. The study is summarized and the implications considered in the 'conclusions' 

section. 

Modifiable Areal Unit Problem 

This section of the study discusses the nature of Modifiable Areal Unit Problem. The basic 

concepts and ternis are explained in the 'Basics of MAUP' subsection. 'Essential concepts 

related to MAUP' part offers a detailed description of several notions that are strongly related to 

MAUP, such as geographical units, methods of data aggregation and spatial autocorrelation. The 



impacts of MAUP on statistical analyses are discussed in the 'Analysis of MAU?' section, which is 

followed by the listing of 'Methods of addressing MAUP' and the 'Summary'. 

Basics of MAUP 

The Modifiable Areal Unit Problem and its impact on geographic data representation and 

interpretation started to receive attention from geographers in the late 1970's when S. Openshaw 

and P.J. Taylor published their groundbreaking research that underlined a series of statistical 

concepts related to the problem. These same authors continued in 1981 to express their 

concems about the ongoing lack of awareness to this problem among some geographers 

(Openshaw, Taylor, 1981). To show the significance of MAUP they experimented with a set of 99 

Iowa counties. Application of various aggregation procedures to create 12 zones led to very 

different statistical outcornes. The test results showed the correlation varying between -.97 and 

+.99 and regression slope oscillating between -12.7 and + 12.2. These results cleariy show that 

statistical analyses of geographical data greatly depend upon the choices of spatial units. 

lgnoring this phenomenon may lead to incorrect statisticat inferences. 

Modern computing technology plays an important role in the studies of the impacts of spatial 

aggregation on statistical outcomes. On one hand this technology allows for more efficient and 

sophisticated studies of the problern, but on the other it gives almost endless options in 

methodologically unjustifiable partitioning and agglomerating of spatial data. Without an 

appropriate consideration of the effects of MAUP, manipulation of data between different 

aggregation scales and spatial arrangements in most cases teads to statistical outcomes of a 

suspect quality. Several methods have been proposed to address this problem and they are 

briefiy discussed in the 'Methods of Addressing MAUP' subsection of this study. 

Many geographic phenornena are reported in interval or ratio scales, which allow their further 

statistical analysis and interpretations. Socio-demographic variables are ordinarily observed at 

an individual level and assigned to points, lines or areas in the vector data rnodel while the 

natural phenomena are often assigned to matrices of pixels in the raster data model. Many of the 

collected data sets are subsequently transferred to areal units to meet such confining criteria as: 



level of confidentiality; data storage and manipulation capacity; standard reporting methods and 

others. These spatial units are often aggregated further thus creating even larger areas that 

include al1 the data from the lower levels (see Figure 1 a, b). The changes in the statistical 

characteristics of the variable caused by collapsing regions into larger data cells are referred to 

in this paper as the scale effect. The changes in the statistical characteristics of data rnight also 

occur when the physical boundaries of an existing set of areal units are redefined so the data 

content within the units changes (see Figure 1 b, c). This outcome is called zoning or 

aggregation effect. 

The following standard statistics of data are most prone to bias as a consequence of altering the 

number and arrangement of spatial units: variance, covariance, correlation, spatial 

autocorrelation, and coefficient of the regression stope. The later sections of this paper 

describing relations between MAUP and selected statistics will explore this issue in greater detail. 

Figure 1: Sources of MAUP; (a) - study area with 16 regions; (b) - study area where the 16 
original regions have been aggregated to 4 cells'; (c) - the areal exlent of 4 aggregated cells has 
been redefined. 

Essential conce~ts related to MAUP 

Several fundamental spatial concepts should be described in more detail before proceeding into 

more complex topics. These notions are strongly related to MAUP and its effects on data 

analysis and interpretation. 

' Aggregation of data rnay be carried out using a simple addition in cases of absdute numbers. When aggregating rate 
and ratio variables a number-of-regions weighted averaging is often used. More details about aggregation methods can 
be f ' n d  in the 'Concepts in Spatial Units Aggregation' section of this paper. 
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Spatial units 

Scaling and zoning of both vector and raster GIS data types are subject to MAUP effects. In the 

vector model two types of spatial objects are most common when considering effects of data 

aggregation - points and polygons. During aggregation point data are usually assigned to a 

polygon or a buffer that encloses them and depending on the spatial methods used, dissimilar 

statistical results may occur when analyzing such aggregates. When the original data are 

assigned to polygons the aggregation problem arises when areas are joined to create larger units 

and/or when the extents of original units are changed. In the raster data model uniforrn size 

pixels are the basic units carrying attribute values. Their aggregation is an equivalent to the loss 

of resolution as the data are recalculated according to a desired formula and then reassigned as 

a common value to al1 pixels within the aggregated cell. 

In most cases GIS data available for analysis are recorded as a set of attribute-carrying pixels or 

polygons for a specified areal extent. Geographers rarely have the Iuxury of designing such 

elements as the size of the units or the extent of the data collection area. This raises serious 

methodological concerns such as what should constitute a statisticai population or a sample. 

Openshaw (1984) expresses these concems along with the issue of the independence of 

statistical observations represented by spatial units. Another fundamental question that he also 

raises is whether spatial units constitute entities that can be studied or they are merely a variable 

that is a proxy for geographical locations (p. 11 ). The author also suggests that the data set used 

in the study can be treated as a temporal statistical sample of size equal to 1. The surrounding 

areas for which data are either not being analyzed or are simply non-existent form the 'super 

population'. This approach, however plausible, introduces new questions such as how to 

estimate a sampling error or how to design a significance test for a one-observation sample. In 

most real-life cases such statistical questions have to be approached on an individual basis to 

reflect the characteristics of data in question. 

It is argued that a careful design of spatial units used for reporting data rnay reduce or even 

eliminate MAUP, especiatly if further analyses do not require changes of these (basic) units 

(Openshaw and Taylor, 1981). It is easy to imagine that if an area of study contains a set of 

8 



intemal natural barriers or administrative boundaries, and these divisions strongly influence the 

phenomena that are being analyzed then aggregating such areas rnay be inappropriate. 

However, more often researchers encounter data sets where spatial boundaries do not constitute 

an obstacle for the variable in question. As an example of such a situation one can consider 

hospital admission data recorded with the postal code zoning units. These units are meaningful 

to postal services, but they bear little spatial relation to the health-related events in the area 

(Dudley, 1994). For this reason it is advisable to examine the criteria upon which units were 

constructed, prior to conducting spatial analysis. This knowledge can be used as an indicator of 

the appropriateness of the use of spatial units for a given study and, if necessary, may help in the 

selection of better spatial arrangements of the original data. 

Openshaw et al. (1981) classify spatial units into two groups: (1) a priori or given units, e-g.: 

postal codes, and (2) a posteriori or self-created units, e.g.: user-defined grid, functional regions. 

It is reasonable to assume that using 'custorn' spatial units that were purposely designed for the 

analyzed variable or a set of variables wuld be the most appropriate course of action. However, 

this technique may produce inconsistency in the definition of areal units and incompatibility of 

statistical results among different studies. It is often more convenient to use generally available 

'offcial' units, however geographically or methodofogically irelevant they are (Openshaw et al., 

1981). Using such units increases the risk of encountering or increasing of MAUP as the a priori 

units must often be aggregated and rearranged to make their network more appropriate for a 

particular geographic analysis. 

Concepts in spatial units aggregation 

An important issue arises when conducting changes of scale in spatial data - that is how the units 

are being aggregated. Based on the sequence of combining spatial units, nonhierarchical or 

hierarchical aggregations can be perfomed. The nonhierarchical aggregation takes place when 

spatial units are being added to each other to form a set of larger areas independently at each 

scale. In other words al1 levels of aggregation are built independently from one another and 

directly from the smallest available units. In contrast, during the hierarchical aggregation the 

merging of smaller units into larger ones is done sequentially so the zones at a larger scale are 

9 



created from the units at the preceding lower level (see Figure 2). 

Amrhein and Reynolds (1997) examined the Mo aggregations methods in relation to the changes 

of means and variances at different levels of data aggregation. They also tested the strength of 

the Getis Statistic in predicting scale and zoning effects using the two aggregation methods. In 

the most general sense their conclusion was that the nonhierarchical aggregation produces more 

consistent results accross al1 variables and scales. This conclusion is based on the authors' 

finding that the Getis Statistic is able to predict the level of aggregation bias better using the 

nonhierarchical aggregation. 

Figure 2: Example of hierarchical and nonhierarchical aggregations. 

Hierarchical 
Aggregation 

Level 1 

Nonhierarchical 
Aggregation 

Level2 Leveld 

The aggregation bias is defined as the difference between the expected and the obsewed values 

of the variance of the variable at different levels of aggregation. The regression mode1 developed 

to show the relationship between the aggregation effect and the Getis Statistic can also be fitted 

better using the nonhierarchical aggregation method (Arnrhein and Reynolds. 1997)'. Contrary to 

these findings many real life analysis are based on hierarchically aggregated data, such as 

Statistics Canada administrational units. 

Using nmhierarctiical approach behiueen 91 % and 99% of ttie aggregation effed Gan be explainecl by the Getis statistic 
aaoss all scales for each of the variab!= (Amhein and Reynolds, 1997). 

1 O 



The aggregation of areal units may be bas& not only on their topology, but also their attributes. 

Forheringham and Wong (1990) examined the results of aggregating data based on criteria 

related to the magnitude of independent and dependent variables. They found that while 

statistics change with both combination methods, the aggregation based upon the dependent 

variable triggers comparatively more noticeable changes in a larger number of statistics. 

Reynolds (1998) also points to the fact that a caution should be exercised while aggregating ratio 

variables. This is due to the fact that numerator and denominator may be affected by MAUP in 

different ways (p. 6). 

In several studies attempts were made to develop spatial unit aggregation methods that 

incorporate topological and attribute qualities of spatial elements (e.g.: Batty, 1976). 

Spatial autocorrelation 

When examining spatial data the values tend to either cluster together showing groupings of 

regions with sirnilar characteristics or they demonstrate less ordered patterns within the area of 

study. In the latter case regions show weaker data patterns or even a patchwork indicating that 

regions with relatively different values tend to neighbour with each other. The two most common 

ways of measuring the clustering of similar values in two-dimensional space are the Moran 

Coefficient [MC] and Geary Ratio [GR] defined as: 

where: n is the nurnber of iegions, xrand q, are the atbibute values of the neighbouring spatial units, cd is the weighting 
cornponent from the connectivity matnx for neighbouring units xrand xi, X is the mean attribute value of a whole region 

As shown, formulas (1 ) and (2) utilize a weighting scheme, which in both cases is usually a binary 



connectivity matnx based on the adjacency of regions. The interpretation of the values of MC 

and GR is shown in Table 1. Later sections of this paper describe some relationships between 

spatial autocorrelation and MAU P. 

Table 1: Value ranges for Moran Coefficient and Geary Ratio. 

Moran 
Coefficient 

Analvsis of MA UP 

StatisticWalue 

Geary Ratio 

MAUP can affect most of the standard statistics incfuding measures of central tendency, variation 

and association. It is therefore desirable to address this problem whenever suspicion exists that 

the results of spatial data analysis may be distorted due to MAUP. The following two sections 

present a summary of selected studies showing the effects of MAUP on univariate and bivanate 

statistics. The scope of this study does not include multivariate statistic analysis. 

-1 .O 

Strong negative 
autocorrelation 

It is important to realize that the extent of changes in statistics that is triggered by combining or 

rearranging spatial units is related to some statistical characteristics of the original data. Among 

these factors spatial autocorrelation, variance and correlation are the most wmmonly analyzed. 

2.0 0.0 

Strong positive 
autocorrelation 

MA UP in univariate statistics 

1 .O 

Random 
distribution of 

values 

The two statistics that are commonly described are the mean and the variance. Steel and Holt, 

(1996). develop a statistical theory that summarizes the aggregation effects of data on common 

statistics. Their analyses address and extend the concepts described in 1995 article by Amrhein 

where randomly generated point data were tested for MAUP by aggregating them to several 

levels of polygon objects. Steel et al. place a great emphasis upon the distinction between 

unweighted and cell-size weighted analysis. The mean shows no changes with data scaling and 

Strong positive 
autocorrelation 

Random distribution 
of values 

Strong negative 
autocorrelation 



zoning (Arnrhein, 1995; Steel et al. 1996; Reynolds, 1998). ldenticaf mean results occur m e n  

using both unweighted and cell-size weighted methods. This outcome is to be expected, as both 

approaches are arithmetically equivalent. In contrast, a noticeable difference exists between 

weighted and unweighted variance calculations. The two formulas are shown below for 

illustration. 

1 

where: Si is the unweighted variance, $, is the ineighted variance. g = 1, ..., M is the number of aggregated 
- 

areas (celk). N ,  is the nurnber of regions in the gm cell. is the rnean of the gm cell. Y is the overail mean 

The authors arrive to an overall conclusion that weighted analyses are more robust and can be 

used for more reliable inferences (Steel et al., p. 975). A proper weighting ties the change in 

variance to the number of cells, allowing for its fairly correct estimation. The authors also 

observed a trend that shows an increase in the value and the range of variances with the 

decrease in the number of groups. This leads to a conclusion that aggregations with a relatively 

large number of celis as compared to the original data produce better results than aggregations 

with fewer cells. 

In their 1997 study Amrhein and Reynolds used enurneration area census data for Toronto 

Census Metropolitan Area. Five variables used by the authors covered various aspects of social, 

demographic and economic characteristics of the study area. Three frequency count-type 

variables were summarized during the aggregation while the other two rate-type variables were 

averaged. One hundred trials were wnducted at each of the 9 aggregation scales for two 

combining methods, hierarchicat and nonhierarchical. The results showed that the frequency- 

count variables produce lower means and higher variances in hierarchical aggregation (as 

compared to the nonhierarchical method). Both, the mean and the variance increase in value 

' Unweighted rnean shows a higher variance of the rnean upon scaling of the variable. 
13 



with the lower number of cells (larger aggregation scale). Aggregation of rate-type variables, 

which is accomplished by averaging values of lower scale cells, produced a constant mean value 

for al1 scales during nonhierarchical merges and a monotonically decreasing mean in the 

hierarchical process. The behaviour of variance is exactly opposite to that observed in frequency 

count variables - it decreases in both aggregation methods. 

Based on the described findings an inference can be made that the changes in the value of 

means and variances triggered by aggregation of data units is strongly dependent on the 

aggregation methods and on the type of variable that is being re-scaled. 

In addition to the described hierarchy factors various additional efements can be taken into 

account. Reynolds in his 1998 research assessed the influence of spatial autocorrelation of the 

original data on the changes in levels of statistics during spatial aggregation. The autocorrelation 

was expressed by the value of Moran Coefficient (see Formula 1). The data of 400 polygons 

loaded with eight variables were artificialty generated to meet a set of conditions that 

characterized data prior to aggregation. One of the constraints was the level of initial MC which 

was set to Vary between 4 . 4  and 1.0 (from moderately negatively to strongly positively 

autocorrelated). Keeping in mind the substantial differences in MC for different variables, several 

pre-aggregation expectations can be formulated: (1) as the number of cells decreases fewer 

observations enter the variance equation lowering the value of the aggregated variance; (2) M e n  

the variable is initially highly positively autocorrelated, similar values producing low regional 

variances tend to be located close to each other, hence upon initial stages of aggregation of 

regions into larger cells, the sum of lost (local) variances is relatively small; (3) during later stages 

of aggregation of the initially highly positively autocorrelated variable relatively large cells are 

produced as compared to the natural clusters of values, hence the likelihood that widely different 

values would be included in the aggregated cell increases. This in tum should increase the 

variance and the variability of repeated tests. An opposite logic woutd apply to points (2) and (3) 

if the initial MC were close to -1 .O. The test was conducted with 1,000 runs at eight aggregation 

levels for each of the eight variables, each of them bearing the same initial variance. The results 

showed that the influence of expectations (1 ) and (2) prevailed decreasing the mean variance at 



each of the eight aggregation steps, which is consistent to the earlier findings from other authors. 

The highest absolute change in variance was observed for variables with moderate positive 

autocorrelations of MC=0.4 and MC4.6.  As expected the variability of the results of repeated 

tests increases for strongly positively autocorrelated variables and decreases for negatively 

autocorrelated variables. When the new set of tests was conducted variables had different initial 

variances but the same level of MC. The results did not identify a discernible relationship 

between the pre- and the post-aggregation variances. 

In conclusion, the presence of MAUP in univariate statistics has been well recognized and 

described by a number of authors in the past two decades. Based on their findings an inference 

can be made that studies involving analysis of means and variances of spatial data are in many 

cases exposed to MAUP, hence this problem should be routinely addressed. The faiture to do so 

may lead to incorrect results, especially, when prior to the analysis, the data is aggregated from 

smalf original units into much larger ones. 

MA UP in bivariate statistics 

The main focus in the analysis of MAUP in bivariate statistics is commonly placed upon an 

examination of the changes in the values of covariance and correlation coefficient. The weighted 

formulas for the two statistics 

cov(x, Y )  

can be written as follows: 

(5): COV(X, y )  - covariance. N - total nurnber of regions, ni - number of regions in cell i . M - nurnber of 

aggregated areas (cells). X, . y, - values of variables x and y in jm region and i' cell. X - mean of variable x. y - 
mean of variable y. 

(6): - coefficient of correlation. S, - standard deviation of variable x. S,, - standard deviatim of variable y. 

Some eariy correlation studies were conducted by Gehlke and Biehl (1934) who observed an 



increase of correlation with aggregation. They concluded that a random data aggregation with 

contiguity restrictions results in a steady increase in the correlation value, however, when the 

adjacency confinement was removed the authors did not find a systematic effect of aggregation 

on the correfation values. 

Fotheringham and Wong (1990) describe the developments in the area of MAUP and bivariate 

statistics. Summarizing their own and eariier studies the authors underline some of the important 

concepts related to the measurements of a correlation coefficient. The generally increasing trend 

in correlation coefficient can be explained by the fact that the denominator portion of the equation 

(6) is a product of square roots of variances, which decrease with the aggregation process. Little 

attention is placed upon the fact that the numerator's covariance value can either increase or 

decrease, which may result in extreme cases in an overall decrease in the post-aggregation 

correlation. The authors also describe the inconclusive results of Openshaw and Taylor's 1979 

analysis on the impact of spatial autocorrelation component on the changes in r. 

A more systematic approach to the examination of the impact of spatial autocorrelation on 

covariance can be found in Reynolds (1998). The author experimented with different pre- 

aggrega tion correla tion values between paired corn binations of five artificiall y generated 

variables. 

In the first of two tests the author sets the spatial autocorrelation defined by MC to two levels of 

-0.4 and +0.8. For each of the two MC levels the initial correlation r, varies between 4 . 8  and 

+0.8. The data were then independently aggregated to eight levels, where each sequential level 

had a fewer number of larger cells as compared to the preceding level. Aggregation was 

conducted randomly 1,000 times at each level. The results show the trend of final covariance 

values towards zero for al1 levels of initial correlation (-0.8 < r, c +0.8) and for both levels of 

spatial autocorrelation (MC = -0.4 and MC = +0.8), however, the loss of covariation is stronger for 

variables that have a stronger negative autocorrelation. The correlation rernains almost 

unchanged during the aggregation, however, more substantial changes can be noticed for the set 

of variables with MC = 0.8. The strongly autocorrelated variables produce a slight trend 



in the correlation values towards zero. These outcomes contradict to some extent the view of 

Fortheringham et al., which states that correlation will routinely increase with aggregation. 

In the second test Reynolds fixed the initial correlation to zero between pairs of variables and 

made the autocorrelation Vary. The covariance increased with aggregation for the (pairs of) 

variables that were highly autocorrelated. The changes in mean covariance levels are not 

systematic and relatively srnall for al1 levels of autocorrelation and aggregation. The absolute 

maximum change of covariance value can be estimated from the graphs to be less than 0.1. A 

similar limited impact has the aggregation on correlation values, however a pattern can be 

observed showing an increase in the range of correlations with aggregation for al1 pairs of 

variables with changing levels of spatial autocorrelation. In other words correlation becomes 

increasingly unstable as the number of cells decreases. The mean correlation from tests with 

positively autocorrelated variables decreases in value with increased aggregation, while the 

opposite (correlation value increase) is true for negatively autoconelated data (Raynolds, 1998). 

This outcome again contradicts the beliefs of Fotheringham et al. that correlation commonly rises 

with aggregation. 

As shown in the research of the cited authors the issue of MAUP in bivariate statistics is quite 

complex and not yet fully resolved. An important conclusion can be drawn that researchers 

should apply caution in data aggregation processes, subsequent data analysis and the 

interpretation of results. 

Methods of addressina MAUP 

Numerous methods have been suggested to alleviate the significance of MAUP in geographic 

analysis. Some of them are described in this section. 

Openshaw and Taylor (1981 ) describe the following approaches: 

+ Filtering (suggested by Curry and Casetti, 1966) - removing the data noise caused by the 

aggregation; this method searches for a 'real' pattern that characterizes the particular 

zoning system and scaling level. 



+ Arbitrary design criteria - this technique is based on a creation of spatial units according 

to some arbitrary criteria, e-g.: similar population sizes. This method is not commonly 

used as it ignores the fact that the arbitrary selection of zones can itself affect the final 

outcomes of statistical analysis. 

+ Information theoretic (suggested by Batty, 1978) - based on the notion that a specific 

number of regions and their zoning can be developed to best reflect the phenomena in 

question. This method contradicts the general geographic condition that the zoning 

system should be independent of the phenomena being studied. 

+ Statistical - this method treats the zoning process in a similar fashion as statistical 

sarnpling. A number of problems arise with this rnethod as the real-life data rarely 

complies with strict statistical principles, e-g.: randomness and independence of 

observations. 

9 Traditional - this approach is based on the notion that MAUP occurs only when a doubt 

exists about the appropriateness of spatial units, hence it supports a design of regions 

that is most suitable for the particular analysis. The units are justified solely in 

geographica! ternis. This method ignores most statistical criteria of a study design. 

+ Optimal zoning - this method reverses the design process and begins with the 

assumption that the zoning system should reflect the expected results. If such outcome 

is not possible the hypotheses are rejected. The procedure is cornplex, but according to 

authors provides the most viable solution to MAUP (Openshaw and Taylor, 1981, p. 67). 

The following steps describe in more detail the optimal zoning method (Openshaw, 1984): 

1. Define the purpose of the study and assume the possible outcomes. 

2. Apply zoning procedure that optimizes the objective function(s) in the study4. 

Openshaw S. suggests using the Automatic Zming Procedure that he describes in the earlier sections of this wMk. 
i 8 



3. Examine the results. If the target has been achieved proceed to point 4, if not return to 

step 1. 

4. lntroduce additional statistical and spatial constraints to improve the methodology, e-g.: 

zero initial spatial autocorrelation, maximum zone size. 

5. Produce and examine the new set or results. 

The author argues that this approach is sound for a geographical solution to MAUP. 

A number of authors suggest that whenever possible the best solution ta MAUP is to gather and 

analyze data with the geographic units that are suitable to such analysis. If such opportunity 

axists the need for spatial rearrangements of data that cause MAUP disappears (Fortheringham 

et al. 1991 ; Openshaw et al., 1 984). 

Summarv 

The existence of MAUP in univariate and bivariate statistics has been demonstrated conclusively 

by a number of authors. Despite this, many spatial analyses that are potentially vulnerable to 

negative effects of MAUP do not attempt any correction of the problem. One of the suggested 

explanations of this situation is that MAUP frequently produces a set of complex questions that 

can easily overwhelm the research resources availabte for a particular study. Another plausible 

justification of researchers' inertia towards MAUP is the lack of a clear definition of its adverse 

impacts on analysis as oppose to its potential usefulness as a spatial tool. MAUP is therefore a 

complex issue that should be analyzed on a case-by-case basis and in most situations where the 

study requires spatial manipulations of spatially delineated data. Moreover, the prospect of 

finding one universal answer as to how to deal with MAUP and making such solution widely 

applicable for most possible circumstances is difficult to imagine. 

A set of techniques described further in this paper is helpful in the assessrnent of the magnitude 

of MAUP in univariate and bivariate statistical analysis. An overview of techniques that may be 

used to alleviate the undesired effects of spatial data aggregations is also shown. These 

techniques are set within a context of public health analysis and use a selection of health and 

economic variables. The next two sections describe the characteristics of these variables and the 



nature of basic relationships between thern. 

Ambulatory Care Sensitive conditions 

The Ambulatory Care Sensitive Conditions (ACSs) are selected as the outcome health variable in 

this study. This selection is further justified in the 'Data sources and selection of variables' 

section of this paper. Various opinions exists as to which illnesses should be included in the 

category of ACSs. All of these definitions however have one common criterion - the severity, or 

in some cases even an onset of ACSs can be wntrolled by timely and effective visits to a doctor's 

office. If, however a patient does not access ambulatory care in a timely manner some ACSs 

may become serious enough to force that patient to be hospitalized (Billings et al., 1996). The 

reasons why a patient would allow his or her health to deteriorate so much is often the centre of 

epidemiotogical and social studies. Since untreated ACSs may lead to hospitalizations some 

researchers prefer to use the term Avoidable Hospitalizations. These two names are often used 

interchangeably. Weissman et al. (1992) uses four criteria to define his selection of ACSs: 1) 

reference of conditions in previous ACSs studies, 2) high importance of the condition frorn the 

health status point of view, 3) high likelihood of hospitalization due to neglecting of the condition, 

and 4) data accuracy. This rather strict mode1 of defining ACSs leads to a selection of 12 groups 

of conditions. Billings et al. (1996) employs a broader range of illnesses that forms 23 ACS 

groups. Both classifications are shown in Table 2. It is interesting to notice that only 8 groups of 

conditions repeat in both selections. Due to a more common application of Billings' classification 

in contemporary epidemiological studies it is also used in this analysis. 



. . 
Table 2: Classifications of ACSs by Billing et al. and Weis: 

ACSs (by Billings et al., 1996): 

Asthma 
Celluitis 
Congestive heart failure 
Diabetes A. B, and C; Hypoglycemia 
Immunizable/preventabre conditions 
Hypertension 
Baderia pneumonia 
Kidney 1 urinary infection (pyelonephritis) 
Chronic obstructive pulrnonary diseaçe 
Grand mal status 1 other epileptic convulsions 
Convulsions "A" and "Ba 
Congential syphilis 
Angina 
Pulmonary tuberculosis 1 other tuberculosis 
Skin grafts witti cellulites 
Severe ENT infections 
Gasboenteritis 
Dehydration - volume depletion 
lron defiaency anemia 
Nubitional defidency 
Failure to thrive 
Pelvic inflarnmatory disease 

O Dental conditions 
Conditions indimted with solid bullets repeat in both classifications. B: 

m a n  et al. 
ACSs (by Weissman et al.. 1992): 

Asîhma 
Celluitis 
Congestive heart failure 
Diabetes 
Immunizable conditions 
Malignant hypertension 
Pneumonia 
Pyelonephritis 
Perforated or bleeding ulcer 
Ruptured appendix 
Gangrene 
Hypokalemia 

ed on International Classification of Diseases. Ninth 
1 Revision, Cliniml Modification (ICD-WM) 

Socioeconomic factors and health 

Variables reflectina socioeconomic status (SES) 

It is not a coincidence that socioeconomic factors are among the most frequently scrutinized 

determinants of health. Many analyses find a strong relationship between socioeconomic and 

health status within studied areas and among individuals. There are many methodological ways 

in which such analyses can be conducted, numerous variables that can be utilized, and a variety 

of ways in which results can be presented. In this section several approaches to defining the 

impacts of socioeconomic factors on health are described. 

One of the most critical elements in conducting association studies between socioeconomic 

factors and health is a correct choice of variables. While the health component is usually 

determined by the scope of the study being conducted, the process of selecting socioeconomic 

variables is often more flexible and its final outcome more dependent on such factors as data 

availability, expected links with health variables, socioeconomic characteristics of the region, a 

need for making the study compatible with other research undertakings, level of data aggregation, 

and personal preferences of the researcher. Such elasticity of choice is often also rooted in the 



broadness of the terrn 'socioeconomic' and in the different approaches that various disciplines 

have towards defining what the 'socioeconomic' factors are. Many Canadian epidemiological 

studies, which are closest in nature to this analysis, include such major groups of variables as 

income, educational, employment, dwelling conditions, mobility, and social characteristics. 

most cornrnon variables that are included in these groupings are shown in Table 3. 

Table 3: Socioeconomic variables commonly used in healfh care studies. 
4 Meanimedian househdd or familv income O Labour force ~artia~ation rate 

Percent of population receiving gbernment 
transfer Payrnents 
Dwelling ownership 
Dwelling market value 
Number of persons per r o m  
Perœntage of population 15 years and older 
with no High school dipioma 
Perœntage of population 15 years and dder 
wiîh University eduwtion 
Unemployment rate 

Percent of kat  did not reside in their 
wrrent location at a given time prior to the data 
collection year 
Age group characteristics 
Percentage of single-parent families (or 
households) 
Lad< of offiaal language 
Recent immigration 
Ethnicitylraœ 
Visual minority 
Other 

The 

The Iisted variables are only a small selection of possible choices of determinants of health that 

are described in various studies. The choice of socioeconomic indicators also may be influenced 

by the country or even a region in which the study is conducted. For example in many US. 

studies health insurance status is a commonly used health-determining factor (Weissrnan, 1994), 

while in the U.K. the lack of a car is frequently quoted as a feature contributing to socioeconomic 

deprivation (Castrairs et al., 1989; Gordon, 1995). Despite having such a variety of 

socioeconomic variables, only a few of them can be thought of as the most important in 

explaining health differences, especially hospitalized conditions that could have been prevented 

with appropriate and tirnely ambulatory care. Many epidemiological studies have shown that 

avoidable hospitalizations are strongly related to incorne, education, agelsex, immigration status 

and ethnicity (Frohlich et al., 1996; Katz et al. 1996; Canadian Public Health Association, 1997; 

Billings et al., 1993, 1996; Gil! et al., 1998; Pappas et al., 1997; Bindman et al., 1995; Omstein, 

2000; Djojonegoro et al., 2000; Glazier et al., 2000, 2001). Furthermore, if we were to choose a 

single, most representative socioeconomic variable that almost always relates significantly to 

health, and especially to avoidable hospitalizations, this variable would be the median inwme. 

Using a median value instead of a mean leads to a better illustration of the overall wealth level 



within the group of people or the area since in most cases the distribution of income variables is 

highly skewed (Pappas et al., 1997; Omstein, 2000). 

lnteqration of socioeconomic variables into heaith analysis 

Once the socioeconomic variables have been selected several different rnethods of incorporating 

them into statistical analysis are possible. The first and the most common procedure is based on 

a simple selection of one or more primary or secondary variables and their iricorporation in this 

basic format into the health analysis. A great advantage of this approach is its simplicity and 

ability tu use raw data. One of the main shortcomings is the fact that with an easy access to 

numerous variables the final choice of the ones that should be included in the analysis may be 

difficult and if many variabfes are used the analysis itself rnay become quite cornplex. The 

second, less frequent option is a creation of a composite index, where several variables are used 

to arrive at a single number that represents the level of socioeconomic (or heaith) status (Frohlich 

et al., 1996). This approach can be very appealing because of its ability to represent a wide 

range of variables by a single number. The major shortcoming is the conversion of the raw data 

into, in many cases, unitless values that can be harder to interpret and compare with other 

studies. The third alternative replaces the raw attribute values with values of a socioeconomic 

quantile (Glazier et al. 2000; Demissie et al., 2000). This method is very useful for emphasizing 

the variable's position along a scale or gradient that is defined in its extent by the minimum and 

maximum data values. However, using this data defining option one must realize that the reaf 

data values are concealed, which may tead to an incorrect imputation of socioeconomic ranks 

where in fact such ranks should not exist according to data values or other criteria (e.g.: al1 

median income values falling with a range that c m  be considered as relatively high). All these 

and other methods are being used to incorporate socioeconomic and health variables into one 

analysis, and the choice of the best variables depends on the specifics of the study itself. 

It is worth mentioning that presenting the effects of SES on health is not the only way in which the 

interdependency between these two elements can be explained. Some, mainly economic, 

studies focus on assessing such relationship in a reversed fashion - namely on the impacts on 



one's health on employment, income level and other socioeconomic elements (Smith, 1998). 

Im~act of socioeconomic factors on hospitalizations for Ambulatow Care Sensitive conditions 

Extensive research has been conducted in the recent two decades in the area of avoidable 

hospitalizations. Results of many of these analyses point to socioeconomic conditions as the 

main causal deteminant of hospital admissions that can be avoided by an appropriate level and 

quality of outpatient are.  In his 1996 study Billings et al, point to the fact that the rates of 

avoidable hospitalizations in Toronto's low-income areas were 39% higher than in more affluent 

areas. Many other authors found a strong relationship between SES and preventable 

hospitalizations (Gill et al,, 1998; Billings et al., 1993; Djojonegoro et al., 2000; Glazier et al., 

2000, 2001; Pappas et al., 1997). This correlation is particularly strong for the adult population 

between the ages of 25 and 44, while the seniors (age 65 and up) show a weaker 

interdependency between SES and ACSs (Billings et al., 1993; Pappas 1997). This finding may 

be related to the fact that both referenced studies were conducted in the US where al1 senior 

citizens have universal health coverage for ambulatory services, while the younger population 

does not. 

A more recent input into the discussion of the impact of SES on avoidable hospitalizations is 

offered by Glazier et al (2000). In their studies the recent immigration rates are emphasized as 

the most significant factor affecting hospitalizations, however - almost al1 areas with high recent 

immigration rates also belong to the lowest income quintile. These two variables correlate well in 

the area of Toronto's lnner City and could be used as an indication of possible association 

between SES and avoidable hospital admissions in other large agglomerations where 

concentrations of recent immigrants are also high. lnterestingly enough selected studies have 

shown that immigrants rnay in fact be healthier than non-immigrants. This situation is often 

referred to as the 'healthy immigrant phenomenon'. Parakulam et al. shows in his 1992 study 

conducted in a number of Canadian provinces that young and adult immigrants (ages 15 to 44) 

have better health status than native-born residents. The health status 

scale based on the presence of a chronic illness, the use of health care 

limitation or disability. The two wntradicting outcomes describing the 

is reported on a 4-point 

facilities and the activity 

health of immigrants in 



respect to the rest of the population may be related to the fact that Parakulam et al. selects 

chronic conditions while Glazier et al. studies avoidable hospitalizations. The two choices of 

conditions are drawn from different classification systems but in general chronic illnesses can be 

considered as more severe than most ACS conditions, hence people chronically il1 would be less 

likely to make a decision of emigrating to another country than healthy people or those with 

conditions that that can be treated with ambulatory care. Although this matter has not been 

investigated for the purposes of this study but in some cases the immigration policies rnay 

prevent foreigners with chronic conditions from entering the country. It is important to remember 

that some ACSs are also chronic in nature. 

Yet another SES element that is often studied in relation to the hospitalization rates for ACS 

conditions is race. In the Canadian literature this concept is also refened to as ethnicity, but the 

latter terrn can be interpreted in various ways, e.g.: ethnicity in some definitions is related to the 

cultural background or to the mother language rather to the person's physiological traits. An 

easier to define expression visible minority is sometimes used in studies to deal with the 

ambiguity of the term ethnicity. Pappas et al. (1997) shows that the ACS hospitalization rates are 

twice as high for the blacks as they are for the whites (age groups below 65). Glazier's et al. 

(2001) study confirms these results indirectly by showing that the majority of the poor areas in 

Toronto with high levels of recent immigration, low socioeconomic status and high hospitalization 

rates also have high percentages of visible minorities. 

The negative impacts on health related to immigration status, race (or ethnicity, or visible 

minority) can be further explained by such factors as language baniers (Glazier et al. 2001), 

various propensities to seek care within different ethnic groups and genders (Parakulam et al., 

1992), discrimination within the health delivery system, and even fear of being examined among 

those patients who do not have a proper legal status in the country or who come from places 

where probing is used as a fonn of torture (Rotschild S., 1998). There are many socioeconomic 

factors that can and do contribute to the level hospitalization rates and to the overall health status 

of the population, many of which are beyond the scope of this study. It is crucial however, to 

recognize the complexity and importance of interactions between one's well-being and hislher 



social and financial position in the saciety. 

CASE ANALYSIS 

The case analysis shows an in-depth examination of the probtem of data aggregation and its 

effects on standard statistics using epidemiological research methods. This section includes two 

subsections: 1) methods, in which the research context, data sources, methods and spatial 

aggregation levels utilized in this study are described. and 2) results, in which the results of the 

analysis of variance, covariance, coefficients of variation and correlation, discussion, and 

potential applications of the conducted analysis are described. 

Methods 

The area of study is a highly urbanized and diverse from the socioeconomic, health and urban 

structure point of view region of central Toronto. Two variables are selected to represent 

determinant (economic) and outcome (health) elements. Two standard and nine custom 

combinations of areal zones are divided into three aggregation levels. The custom aggregations 

are constructed based on a set of pre-defined data attribute criteria and topological 

characteristics of the study area and basic aggregation units (census tracts). This method is 

most analogous in its design to the information theoretic approach briefly described in the 

'Methods of addressing MAUP' section. This procedure is selected for reason of its 

straightforwardness, moderate cornputational demand and a need to comply with the general 

design of the case study. Several standard statistics are calculated to show the characteristics 

and dependencies between the chosen variables at three levels of spatial aggregation: (1) 

census tract, (2) municipally-defined neighbourhoods, and (3) custom spatial aggregations. Two 

approaches to the calculation of statistics are used - non-grouped and grouped. A grouped data 

approach takes into account not only individual values of cells present in the particular 

aggregation but also the values of the original smaller units that were used to build the larger 

units. Both grouped and non-grouped calculation methods are shown in this study to present the 

differences between thern based on the results they generate. 



Research settinus 

The Toronto inner city is one of the most diverse urban areas in Canada from the socioeconomic 

and health status points of view. The ethnic composition, economic conditions, age structure and 

health status differ substantially throughout the area. These differences give an exceptional 

opportunity for studies of policy planning, development programs or health services. 

Area, administrational units 

The study area covers 126.6 square kilometers, which makes up approximately 20% of the 

Toronto municipality. The new Toronto municipality was created in 1998 by amalgamation of the 

Borough of East York and most of the municipalities of York and the 'old' Toronto. The study 

area is divided into 1,434 enurneration areas and 178 census tracts, for the 1996 Canadian 

census. These are the smallest units at which the health data can be released for this study. For 

this reason the census tract level is chosen as the basic data aggregation unit in this analysis. 

The average CT population is 4,665. In addition to these statistical units, the Department of 

Public Health at the City of Toronto has identified 62 distinct neighbourhoods that are relatively 

homogenous from the socioeconomic, health and urban structure points of view. The City- 

defined neighbourhoods have on average 11,324 residents and are made up of adjacent census 

tracts. 60th aggregation levels are created based on several criteria, among which the 

socioeconomic homogeneity plays a principal role (see 'Methods' for more details). Map 4 shows 

the two standard aggregation levels used in this study as well as the extent of natural areas. 



Map 4: Study area with boundaries of census tracts, City of Toronto neighbourhoods and outlines 
of natural areas. 

Population - densify, distribution, age structure, mobility 

The total population in the study area in 1996 was 801.674~. Population is not released by 

Statistics Canada for three of the 178 census tracts. These areas were excluded from rnost 

analyses that required a denominator. The population density varies substantially throughout the 

area as a consequence of a great diversity in the urban structure. The density values calculateci 

on a census tract level show a range from just over 100 persons per square kilometer in the least 

populated zones to around 30,000 persons per square kilometer in the most densely populated 

areas. In many cases densely populated areas coincide spatially with relatively less wealthy 

neighbourhoods such as census tracts bordering with railway tracks in the West end. Regent Park 

in the downtown core and the Danforth corridor in the east end (see Map 5). 

- 

Statistics Canada. 1996, census tract level data 



Map 5: Population density in 1996. 
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The most sparsely populated census tracts contain major natural features such as High Park and 

Don River valley, industrial strips such as Lakeshore Boulevard East and Weston Road, financial, 

education and mixed-use districts such as Bay Street corridor, University of Toronto and the 

harbour front. 

Similady to the population density, the age structure also shows substantial variations. The rnean 

age in census tracts varies from the high twenties in the younger zones to high forties and low 

fifties in the older tracts. The younger population tends to reside in less wealthy areas of Regent 

Park, parts of St. James Town, the railway corridors in the west end and industriallmixed use 

zones close to the waterfront. These areas are also known for their relatively large proportion of 

the recent immigrant population. Several census tracts in the east end are also relatively Young, 

however the relationship between median household income and mean age seems to be weaker 

than in the west end6. The older population resides in the north-central and north-east parts of 

the study area as well as in the older residential areas surrounding High Park. As one might 

R-Square for: (1 ) west end = 0.2358, (2) east end = 0.1486. The dividing Iine b e m n  west- and east end is Ymge S t  
28 



expect, the wealthier neighbourhoods such as Rosedale and Cabbagetown are populated by 

older residents (mean age above 44) than other areas (see Map 6). 

Map 6: Mean population age, 1996. 

The analysis of gender structure shows that they are close to 20,000 more females than males. 

and the number of census tracts where there are more females is almost 3 times the number of 

tracts with more males. A relatively large variation of the mean age and gender proportions 

across the study area leads to a conclusion that adjusting of the health variable for these factors 

is justified. 

The proportion of movers in the last 5 years prior to the 1996 census range from 30% to 87%. 

Areas of relatively low mobility7 expectedly coincide with more Rnancially established 

neighbourhoods such as Rosedale and Cabbagetown, but numerous less wealthy areas in the 

east- and West ends are also characterized by low mobility rates. Areas with high mobility rates 

can be found in the central and southem portions of the study area including census tracts with 

' Defined based on the place of residenœ during the œnsus and 5 years More the census 
23 



lowest values of socioeconomic status. However, no strong statistica18 or visual relationship 

between high mobility rates and low socioeconomic status can be found. 

The age and gender structures are assumed to have an influence on the relationship between the 

explanatory and outcome variables (see 'Methods' for more details). The adjustment of the 

outcome variable for age and sex addresses this problem to some degree, however developing 

and testing a hypothesis that would explain health outcornes and mobility status is beyond the 

scope of this study. 

Diversity of socioeconomic conditions 

Similarly to the areal and population characteristics, the socioeconomic composition is very 

diverse. Wealthy areas in the north-central and west parts of the study area with median 

household incomes averaging well beyond $60,000 per year contrast considerably with p w r  

centra! and railway tracts-surrounding areas where the mean household income barely reaches 

the mark of $22,000 per year (see Map 7). 

Map 7: Median household income, 1996. 



Data sources and selection of variables 

The two attribute data sources used in this study are: (1) Hospital Discharge data, Canadian 

lnstitute for Health Information, 1996-1 997, and (2) Census, Statistics Canada, 1996. 

The Hospital Discharge database "was originally developed in 1963 to collect hospitalized cases 

in Ontariow (Canadian lnstitute for Health Information, 2001 ) but now this information is gathered 

for the whole country. The data elernents include diagnosis, patient's gender and age, patient's 

postal code and other variables. 

Socioeconomic data are collected by Statistics Canada every five years at the individual level but 

prior to release they are aggregated to various statistical areas to ensure protection of privacy. 

Such aggregated data become ecologicaP in nature. It is important to remember that analyses 

based on ecological data do not necessary describe the processes in question for individuals in 

the study area (Greenwald H., et al., 1994). 

One socioeconomic explanatory variable and one health outcome variable have been selected for 

this analysis. No additional explanatory variables were applied, as the main objective of this 

study is to explain the impacts of spatial data aggregations on standard statistics, rather than to 

examine the aetiology of avoidable hospitalizations. Logs of the variables were used in order to 

normalize their distributions. 

Ambulatory Care Sensitive conditions 

Ambulatory Care Sensitive conditions (ACSs) are selected as the outcome variable as this 

measure reflects the overall health status of the study area population. ACSs are of special 

interest in the context of their analysis in conjunction with socioeconomic deteminants - many 

previous studies deterrnined a significant relationship between avoidable hospitalization 

conditions and various economic and cultural factors (Billings J., et al., 1996; Newacheck P., et 

al., 1996; Pappas G., et al., 1997). The selection of conditions that are considered sensitive to 

' In ecological studies some or al1 data are not available at the individual level. When using such data in the ~ a u ~ e - e f f e ~ t  
type of studies one cannot be certain whether ttie individuals within ttie out~mle  component of the analysis are the same 
people who are induded in aie determinant element of the analysis. 

31 



ambulatory care is bas& on previous works by John Billings. The data include multiple 

admissions of the same patients since readmissions may be caused by poor access to post- 

discharge ambulatory care (Gill J., et al., 1998) and other more broadly defined socioeconomic 

criteria. From the variables available in the database only the principal diagnosis is taken into 

account since the impact of secondary diagnosis on patient's admission to hospital is not known 

(Weissman J ., et al., 1992). 

Median household income 

High inpatient rates for ACS conditions are commonly perceived by health specialists as an 

indicator of the existence of access barriers to ambulatory care. Without these constraints it is 

thought that many of the hospitalizations could be prevented (Billings J. et al. 1996, Bindman A. 

et al. 1995). Barriers such as distance'', lack of health insurance. family traditions. low 

education, religious and cultural customs, ethnic origins, insufficient official language skills, low 

socioeconomic status may contribute to hospitalizations for preventable conditions (Billings J. et 

al., 1993; Gill J. et al. 1998; Rothschild S, 1998). SES in particular, and more specifically a low- 

incorne level, is often suggested as one of the most important reasons for untimely andfor 

insufficient level of ambulatory care. It is assumed here that increasing one's income helps to 

alleviate some of the other access barriers to primary care. 

An examination of income attributes for the study area shows that these variables have highly 

skewed data distributions. Hence, the application of a median, instead of a mean, household 

income is a better illustration of existing econornic conditions in the study units. 

MethodoIoclical considerations related to data sources 

The data sets used in the studies have been collected and organized with different methods that 

are appropriate to each data set. Such ditferences raise some cross-database compatibility 

concerns. 

10 Commuting problems are not thought to amtribute to access barriers to primary care in the Toronto inner aty where 
public îransporbtim services are wll developed. 
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The hospital discharge dafa 

The ClHl data is assurned to be fairly camplete, reliable and valid. Hospital records are being 

updated each time the patient is admitted. Information available from experts that utilize hospital 

discharge data leads to a conclusion that the diagnosis coding in hospitals is done in a more 

systematic fashion than in the case of outpatient data. This suggests the hospital health 

information is appropriate for constructing various response variables in the public health studies. 

However, it is important to remember that as in any large data set some errors in the hospital 

discharge data also exist. Such errors may arise from incorrect recording of patient's personal or 

health data, incorrect diagnosis, loss of records, and from other reasons. 

An important uncertainty is associated with the selection of conditions that can be considered to 

be sensitive to ambulatory care. Such conditions must be treatable with 'timeiy and appropriate 

outpatient care', and lead to hospitalization if the patient fails to seek such care (Office of Health 

Data Analysis, Utah, 1998; Manitoba Centre for Health Policy and Evaluation, 2001 ). Twenty-two 

groups of conditions are selected for this study including such illnesses as bacterial pneurnonia, 

asthma, tuberculosis. and angina. This selection is based on the criteria recommended by the St. 

Michael's Hospital lnner City Health Research Unit and earlier works of John Billings. 

It is important to remember that variations exist in what is considered to be an ambulatory care 

sensitive condition, so the results from the analysis will depend upon the final range of the chosen 

conditions. Changes in the selection of diseases often lead to disproportional changes in the 

absolute numbers (prevalence) of ACS cases among spatial data units within the study area. 

This notion is mainly related to the fact that different conditions occur with different frequencies in 

different age groups andlor genders, however, other factors such as SES and the environment 

rnay also have an impact. This confounding factor is norrnally dealt with by applying age and sex 

standardization procedure of the health data. Such data standardization is a cornmon procedure 

in epiderniological studies and can be conducted using two different methods: (a) direct, and (b) 

indirect. The former can be applied m e n  age and sex groups-specific rates are known for the 



population under study" (Buckeridge, 1998). Direct standardization is not recommended M e n  

the data counts are low as these subgroup rates can be quite unstable, so the indirect 

standardization method is used here. The indirect method utiIizes the knowledge of age and sex- 

specific condition counts in the standard population (defined here as the entire study area) and 

population counts from the area under study. By applying formulas (7) and (8) adjusted 

hospitalization rates are calculated for each areal unit at each level of spatial aggregation. 

Indirect standardization of health variables 

where: E is the expected haçpiîalization count, g : 1, ..., M are the agelsex groups (0-19 FiM, 20-44 FM, 45-64 FIM, 

65 and older FIM). Pop, is the population in an agelsex specific goup. ACS: is the ambulatory care sensitive 

Sld 
conditions wunt in an agelsex specific group for the whde study area. Pop, is the population munt in an agelsex 

specific group for the siandard area. R is the age and sex adjusled hospitalization rate. 5) is the observecl (actual) 

hospitalization count (in each spatial unit). f? is the crude (non-standardized) hospitalization rate (in each spatial unit). 

One additional problem can be defined as common in the hospital discharge data - low counts. 

Some conditions or group of conditions do not produce large enough numbers to support 

meaningful statistical analysis or to offer the protection of patients* privacy12. To deal with this 

problem data are often summed to targer spatial units. however such aggregations can obscure 

important patterns that may exist at the lower aggregation levels (Office of Health Data Analysis, 

Utah, 1998). Finding the optimal data aggregation unit is crucial for most public health analysis 

conducted within the spatial context. 

11 Standard population is often the total population of a cwntry or of the study area. 
'' Hospital discharge data is not released by the Canadian Institute for Health Information for data œlls below 5. 

34 



Population and socioeconomic data 

The data dictionary Iists five types of errors that rnay be present in Canadian Census data: (1) 

coverage errors, which arise m e n  subjects are missed by the collectors, (2) non-response errors, 

(3) response errors, which occur due to misunderstanding of census questions, (4) processing 

errors, which are related to post-collection data handling, and (5) sampling error, which may 

occur in the 20% data sampling (Statistics Canada, 1996). Some of the listed types of errors are 

random and tend to have a small impact for large population samples, which is the case of the 

variables used in this study. Non-random errors can cause more serious problems in the 

analysis, but they are assumed not to be affecting the data used in this analysis. 

Additional consideration should be given to the fact that the data for spatial zone such as census 

tracts or enurneration areas is suppressed if the population is less than 40 people. A subset of 

income-related variables has an even stricter population criterion for suppression that equals a 

minimum of 250 residents (Statistics Canada, 1996). As a result of these suppression methods 

no income data is available for five census tracts out of 178 in the study area. 

In addition to possible data errors and data suppressions, all cell values are randomly rounded to 

a multiple of 5, so that values always end with the digit 5 or O. As in suppression, this practice is 

carried out for confidentiality reasons. The random character of this deliberate inaccuracy does 

not add significant error to the census data (Statistics Canada, 1996). However, when working at 

different levels of spatial aggregation it is desirable to use the original Statistics Canada data 

rather than adding the data from the smaller units to arrive to the larger ones. By doing the latter 

the rounding value may accumulate at the higher aggregation levels causing the final quantity to 

differ from the true value by more than 5. This problem might occur in this analysis, because its 

spatial aggregations produce cells that do not resemble standard statistical units, hence they 

must be created by adding data from the smaller units (census tracts). Given, that the data 

values for the chosen variable at the census tract level are relatively high as compared to the 

value of 5 and that there is only one data amalgamation step for any spatial aggregation level this 

error is not assumed to be important. 



Temporal relations between study variables 

The population and economic data refiects the state of affairs during the 1996 census year, while 

health data were wllected between 1996 and 1997. This small temporat inconsistency is not 

assumed to have a substantial impact on data analysis, on the contrary - many argue that 

socioeconomic circumstances influence health conditions with some delay. R. Evans (et al., 

1994) describes several different ways in which the causal factors can affect the health outcornes 

in a delayed fashion. According to the basic 'elapsed time' model, which seems the most 

appropriate for this analysis, the cuvent SES conditions may affect the overall health status of the 

population after the time of several days to several years. The precise length of latency time is 

specific to the illness and cannot be easily defined for a group of conditions such as the one used 

in this study. The precise analysis of the effects of time on the health outcomes is beyond the 

scope of this research, so the assumption is made that the median housetiold income has an 

(almost) immediate effect on avoidable hospitalization rates. 

Spatial auareclafion levels 

The spatial aggregations shown here are wnstructed manually in accordance with several a- 

priori criteria including a similarity of the attribute data and areal characteristics of the basic 

spatial units (census tracts). Because of the limited number of aggregates constructed here an 

optimal solution cannot be identified. In order to find such solution al1 possible combinations of 

basic regions need to be enumerated (Buckeridge, 2001). This approach is beyond the scope of 

this study. However, the relative potential of the tested aggregates for minimizing effects of 

MAUP can be assessed based their statistical characteristics shown in this analysis. 

The aggregations are conducted including such topological criteria as the final number of 

aggregated cells, the number of census tracts within any of the aggregated cells, the adjacency of 

the aggregated census tracts, and the variable by which the aggregation is conducted. Table 4 

presents a summary of these criteria. 

Both variables used in the analysis are re-calculated at each aggregation level. MHI is calculated 

by first aggregating and averaging the census tract data, and then by weighting these values by 



the number of private households in each aggregated tract. AACS is calculated at each level 

using the earlier described age and sex indirect standardization technique. 

The statistical analysis are mnducted on al1 three aggregation levels: 

1. Census tracts (the smallest units, total number n = 171) 

2. Custom aggregations (custom aggregations; units larger than CTs but smaller than 

neighbourhood-level units (see below); total number n = 70) 

3. Municipality-defined neighbouhoods. Custom neighbourhoods (approximate in 

their size municipality-defined neighbourhoods; the largest units. total number n = 

62) 

Census tracts and Ciîy of Toronto neighbourhoods 

Two levels of pre-defined spatial units were used in this study - census tracts ('CT 1 711, Statistics 

Canada), and neighbourhoods ('N 62', City of Toronto). Census tracts are the smallest units 

which are aggregated to form larger units (2) and (3). 

The Statistics Canada census tracts are "small geographic units representing urban or rural 

neighbourhood-like communitiesw (Statistics Canada, 1996). The main criteria used in creation of 

census tracts are: (1) "CT boundaries must follow permanent and easily recognizable physical 

featuresn, (2) 'the population of a CT should range between 2,500 and 8,000m, (3) high level of 

homogeneity of socioeconomic characteristics, (4) compact shape, and (5) spatial compliance of 

CT boundaries with larger statistical units. 

The City of Toronto neighbourhods are made of groupings of several adjacent census tracts. 

These units are taking into consideration several factors: (1) extent of the boundaries of the local 

community services agencies, (2) location of "historically defined neighbourhoods, large housing 

developments and neighbourhwd associations", (3) input of residents in defining areas with a 

population range between 10.000 and 20,000 people, and (4) 'current information needs of 

existing planning projects.. .". The City of Toronto also argues that neighbourhoods "provide a 

more (larger - aufhor) population base for making comparisons than individual census tracts, 

while still preserving the distinctness of small areas". Finally, while the neighbourhoods are not 



defined to increase intemal socioeconomic homogeneity, it is assumed that "to a large extent this 

has occurred because of the similarity of adjacent census tracts ..." (City of Toronto Public Health 

Department, 1 995). 

Both CTs and neighbourhoods can be assumed to group data into units that are fairly 

homogenous from the socioeconomic point of view, however, while the census tracts are 

targeting such homogeneity intentionally, the neighbourhoods arrive to it in a less direct fashion. 

The secondary consideration of socioeconomic homogeneity by the creators of the 

neighbourhoods may be the reason why these units seem less uniform than other groupings of 

census tract data at comparable levels of aggregation. At the same time it is important to 

remember that neighbourhood-defining criteria applied by the municipality reflect important 

components of the community structure and the organization of its services. Hence, data 

collected and presented to various agencies baseci on the City neighbourhoods may be the most 

informative for particular users in this area. Similar situations may occur in other areas and for 

other data sets. 

Ail custom amalgamations are constructed from anywhere from 1 to 8 merged CTs. This range is 

used in the City of Toronto-defined neighbourhoods. A fairly compact shape must also 

characterite all adjacency-constrained cells. All custom amalgamations with the adjacency 

constraint utilized summary tables and thematic maps to aid the process of maximizing data 

values similarity in the combined cells. The thematic maps were created using various 

classification rnethc~ds'~. Census tracts were combined if the data differences among them were 

within a defined range. The aggregation of census tract is conducted in a non-hierarchical 

fashion. Two different ranges were specified for each set of zones to account for growing 

differences at higher levels of data values: 

'' Contact author for details. 



4 'Z 73 MHI*. For MHI <= $SOWyear the value difference among combined CTs <= 

$6K. For MHI > $SOWyear the value difference among combined CTs <= $20K. The 

final number of aggregates was not pre-defined. 

'2 71 AACS*. For AACS <= 1511,000 the value difference among combined CTs <= 

5. For AACS > 1511,000 there is no upper limit for the value difference among 

combined CTs. The final number of aggregates was not pre-defined. 

9 2 62 MHI'. For MHI <= $SOK/year the value difference among combined CTs <= 

$1 OK. For MHI > $5OK/year the value difference among corn bined CTs <= $20K. 

The final number of aggregates was pre-defined to 62. 

4 '2 62 AACS*. For AACS <= 1511,000 the value difference among combined CTs <= 

5. For AACS > 1511,000 there is no upper limit for the value difference among 

combined CTs. The final number of aggregates was pre-defined to 62. 

The random aggregations (Ri - R5) are constructed without the adjacency constraint and using a 

random number-generating procedure". Table 4 presents a summary of experiments* criteria. 

Table 4: Summary of criteria for custom aggregations 

Spatial standardization of variables 

(R 1 - R 5) 
Z 73 MHI 
Z 62 MHI 

Z 71 AACS 
Z 62 AACS 

The two data sources used in the analysis have different formats - the census population and 

socioeconomic data are aggregated to areal units such as census tracts or enurneration areas 

while the hospital discharge data have 6-digits postal code tags in each data entry. When 

expressing postal codes as spatial polygons using Postal Code Conversion File (PCCF) areas of 

many of them overlap. Hence, analyzing postal codes as areas leads to ambiguous outcornes; 

instead the geographical coordinates of points representing 6-digit postal codes are transferred 

into census tracts (polygon coverage) using PCCF. This level of aggregation of hospital 

discharge data produces large enough numbers in data cells, so the non-suppression 

requirement of a minimum of 5 cases of ACS in a unit is met for rnost census tracts in the study 

Number of 
aggregated 

cells Test Name 

" Contad authors for details. 

Yes 
No 
No 
No 
No 

Crite ria 

No 
Yes 
Yes 
Yes 
Yes 

Randomness 
of aggregation 

Maxirnizes 
homogeneity of 

median 
househdd 

Census tract 
adjacency and 

compact 
sham of cells 

incme (MHI) 
No 
Yes 
Yes 
No 
No 

Maximizes 
homogeneity 
of avoidable 

hosdtalization 
( AACS) 

No 
No 
No 
Yes 
Yes 

Pre-defined 
number of 
aggregated 

cells 

Yes 
No 
Yes 
No 
Yes 

58>=~c=61 
73 
62 
71 
62 



area. Conversely, grouping data by enumeration area instead of census tract produces many 

cells with values below 5, which leads to their suppression. Hence health data analyses are 

rarely conducted at the EA level. 

The most common way in which postal code data can be transferred to other spatial units is to 

match them with a corresponding statistical areas using PCCF. One of the complications existing 

in this procedure is that one postal code can relate to a number of statistical areas, or that one 

statistical area can be matched to several postal codes. For this reason each postal code in 

PCCF has one corresponding 'single postal code indicator', which can be thought of as the best 

one-to-one match. This correspondence is used to geo-reference the data by assigning it to a 

single enumeration area or census tract. It is estimated that during geo-referencing 6.7% and 

2.8% of postal codes are erroneously matched to enumeration areas and census tracts 

respectively (Statistics Canada, 1996). 

Statistical analvsis 

Setected standard statistic measures were calculated at each aggregation level using non- 

grouped and grouped data calculation rnethods. All relevant equations are shown below. All 

calculations were conducted using SPSS and S-Plus software packages. 

Variance 

Non-grouped data variance 

Grouped (weighted) data variance 

where: S2 is the nongrouped varianes. S; ir the grwped (hghted) vanance. g = l,.. ., M is the number of 
- - 

aggregated areas (cells). N,  is the number of ragions in the gm œll . Ys is the m a n  of Me gm cell. Y is the overall 

mean 



Covariance 

Non-grouped data covariance 

Grouped data covariance 

where: COV(X, Y )  is ihe non-grouped covariance. M is the number of aggregated zones (cells), is the total 

number of regions (œnsus tracts). 11, is the number of regions in an aggregated m e  (cell) g, X, . Y, are Me sums 
- - 

of variables in an aggregated zone g, X . Y are the overail means; COVIY ( X ,  Y )  is the weighted covariance. 

COV, (X, Y )  is the covariance of variables X and Y within aggregated zone g. 

Coefticient of variation 

- 
where: CV is the coefficient of variation, S is the standard deviation, X is the mean. 

Correlation 

Relationship between the explanatory and the outcome variables at different levels of spatial 

aggregation is exarnined using the correlation value of a simple least-squares regression model 

(LRM). Prior to the application of the LRM several other variable transformations and non-linear 

regression models were tested. however those procedures did not produce better results from a 

model design point of view (data not shown). For the non-grouped data statistics the correlation 

values are taken from the regression modef. In case of the grouped data the correlations are 

calculated based on resufts from (10) and (12) using formula (14). 

Coefficient of correlation 

where: r, is the wefikient of simpie correlation. COV(X, y )  is the covariance. S, is me standard deviation of variable 

x. S,, is the standard deviation of variable y. 



The main focus of the statistical analysis conducted in this study is to examine the changes in the 

standard statistics of variables and relationships between them as a result of data (spatial) 

aggregations. The results are summarized in Tabtes 5 and 6 and in Figures 2, 3. and 4. Table 5 

applies the basic non-grouped formulas for calculating the mean. variance and covariance. Table 

6 presents results from calculations of the same statistics using the grouped data method. 

Figures 2 and 3 show in a graph format the percentage change of some of the tables' results in 

respect to their pre-aggregation level ('CT 171'). Figure 5 shows the percentage changes of the 

coefficient of variation. Table 7 shows spatial autocorrelations at different levels of aggregation. 

Examining these values helps determine whether merging data into fewer zones has an effect on 

the clustering of similar values. 

Mean 

As shown in Tables 5 and 6 there are very small changes in the overall level of the rnean of both 

variables and for the both non-grouped and grouped data calculation methods. The largest 

change does not exceed 8% of the value at the CT level and the rnajority of the changes do not 

exceed 5%. The mean of the income variable is less prone to be affected by MAUP that the 

mean of the health variable. No strong relationship between the level of aggregation and the 

magnitude or direction of the value change of the mean can be detected, in other words the mean 

values of various aggregation tests are both larger and smaller from the value at the CT level. 

This non-systernatic outcorne may be caused by a relatively low number of tests. With a 

suffciently high nurnber of simulations the mean value of a rate variaSle show a decreasing trend 

as the level of hierarchical aggregation becomes larger (Arnrhein and Reynolds. 1997). 

The relatively small changes in most of the mean values are mainly a consequeme of two 

factors: (1) onty one cycle of aggregations from the lowest 'CT 171' level, and (2) a strong 

influence of the rate variable type, which by its nature makes the mean values smwther across 

different levels of aggregation than they would have been for an absolute value type variable. 



Variance 

The nongrouped vanance 

The results reveal a substantial instability of the overall variance for the study area among 

different aggregation levels. The overall trend is that the variance values decrease upon 

aggregation, but in several custom aggregation cases the variance is larger than at the 'CT 17 1 ' 

(see Table 5, Figure 3). Two tests that maximize homogeneity of the hospitalization variable ('2 

71 AACS' and '2 62 AACS') lead to a noticeable increase of the study area variance for this 

variable. All other aggregations including City of Toronto-defined neighbourhoods produce a 

decrease of the variance values of AACS. The variance of the income variable shows a 13% 

growth in the 'Z 62 MHI' test that intensifies homogeneity of this variable within the aggregates. 

This is the only non-grouped data test where the variance of the income variable increases upon 

aggregation. 

neighbourhoods, '** - R 1 through R 5 are aggregations with no adjacency constraint. 

Table 5: Summary statistics for the variables at various levels of 

- CT 171 - original data at the census tract level, ** - N 62 - City of Toronto defined 

Test 
Name 

CT 
171' 

N 62" 
R 1"' 

R 2"' 

R 3"' 

R 4'" 

R 5"' 

aggregation - 
Covariance 

4.0179 

-0. 0084 
-0.0033 

4.0076 

4.0067 

4.0073 

4.0107 

4.0187 

4.0206 

4.0171 

-0.0149 

Mean 
LogAACS 

1 .O076 

1 .O041 
1 .O360 

1 .O360 

1 .O340 

1 .O363 

1 .O094 

non-grouped 
? 

0.1237 

0.0591 
0.0279 

0.0889 

0.1 052 

0.1711 

0.2400 

0.1733 

0.1946 

0.1498 

0.1 285 

data. 
Number 

of spatial 
units 
171 

62 
58 

59 

61 

60 

60 

73 

62 

7 1 

62 

Z 73 
MHI 
Z 62 
MHI 
Z 71 

AACS 
Z 62 

AACS 

Variance 
CogMHl 

0.0237 

0.0204 
0.0084 

0.0865 

0.081 1 

0.1 357 

0.1237 

Variance 
LogAACS 

0.1090 

0.0586 
0.0477 

1 .O393 

1 .O1 36 

1 .O860 

1 .O349 

Mean 
LogMHl 

4.5874 

4.5884 
4.5964 

0.0477 

0.0302 

0.0353 

0.0486 

4.5860 

4.5942 

4.5718 

4.5855 

0.0233 

0.0268 

0.0145 

0.0140 

4.5964 

4.5924 

4.5983 

4.6018 

0.0084 

0.0141 

0.0088 

0.0098 



Figure 3: Percentage change of selected summary statistics in respect to 'CT 177 ' (Y=O) at 
various levels of aggregation - non-grouped data. 

No adjacency constmjnt 
t 

The grouped (weighted) vanance 

The use of the weighted formula tends to produce more robust results in aggregated data (Steel 

and Holt, 1996). Based on several previous works in this area the (weighted) aggregation of rate- 

type variables should result in decreased variance. This decrease should be stronger for 

variables that are initially negatively autocorrelated. However, variables with a positive MC 

between 0.0 and 0.4, the range within which our variables fall (see Table 7), are also expected to 

have a fairly large decrease in the variance values (Reynolds, 1998, p. 34). 

Examining Table 6 and Figure 4 one can notice that the variance of LogAACS increases in the 

City neighbourhoods, but even more so in al1 adjacency-constrained tests, especially in the two 

tests that increase homogeneity of this health variable. The overall variances change when 

aggregating from 'CT 171' to custom, adjacency constrained tests ranges between 50% and 

150%. The variances in the random tests with no adjacency constraint are lower than in the 

groups of adjacent census tracts indicating that some valuable information about hospitalization 



patterns is lost while using the former method. 

neighbourhoods, *** - R 1 through R 5 are aggregations with no adjacency constraint. 

Table 6: Summary statistics for the variables at varioos levels of aggregation - grouped dataTs. 

The variance of LogMHl for the adjacency-constrained tests increased by 57% to 170% as 

compared to its 'CT 171' value with over 100% increases for both tests that maxirnize 

Test 
Name 

CT 
171' 

N 62" 
R 1"' 

R 2"' 

R 3"' 

R 4"' 

R 5"' 
Z 73 
MHI 
Z 62 
MHI 
Z 71 

AACS 
Z 62 

AACS 

homogeneity of the income variable. Arnong the random custom aggregations two lead to a 

- CT 174 - original data at the census tract level, ** - N 62 - City of Toronto defined 

small decrease of the variance value while the other three result in its small to moderate increase. 

' 
Covariance 

4.01 79 

-0.0062 
-0.01 73 

-0.0192 

-0.0190 

-0.01 57 

-0.01 88 
-0.01 19 

-0.01 97 

-0.0190 

-0.0190 

The increase of the variance is relatively larger in the acîjacency-constrained tests. All adjacency- 

Variance 
LogMHl 

0.0237 

0.0637 
0.0216 

0.0300 

0.0285 

0.0208 

0.0253 
0.0545 

0.0641 

0.0373 

0.0414 

Mean 
LogAACS 

1 .O076 

1 .O31 5 
1.0426 

1 .O352 

1 .O448 

1 .O444 

1 .O263 
1 .O227 

1 .O233 

1 .O105 

1.0080 

constrained tests and the City of Toronto-defined neighbourhoods lead to the increase of grouped 

? 

0.1 240 

0.0045 
0.1477 

0.1333 

0.1673 

0.1438 

0.1 296 
0.0159 

0.0361 

0.0389 

0.0320 

data variance values for both variables. 

Number 
of spatial 

units 
171 

62 
58 

59 

6 1 

60 

60 
73 

62 

7 1 

62 

Variance 
LogAACS 

0.1090 

0.1348 
0.0938 

0.0922 

0.0757 

0.0824 

O. 1 078 
O. 1633 

0.1678 

0.2489 

0.2725 

It is worth noting that in the grouped data scenario the increased homogeneity of a particufar 

Mean 
LogMHl 

4.5874 

4.6968 
4.5962 

4.5965 

4.5947 

4.5934 

4.5951 
4.5866 

4.5866 

4.5870 

4.5871 

variable within the aggregated cells produces a substantial increase of the overall variance value 

for this variable at this aggregation level. By looking at this finding from another prospective it 

can be said that spatial arrangements of data showing higher variance values as compared to 

other spatial data groupings most likely cansist of units that are relatively more distinct from one 

another than in other cases that show lower variance values. 

15 In this table a group man, a group variance and a gmup covariance are shown. 
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The changes in data variability upon aggregation in respect to 'CT 171' are shown in Figure 5. 

The variability increases in most of the adjacency-constrained aggregations. A majority of 

outcornes in random tests show an opposite trend - the variables' variability decreases using 

both grouped and non-grouped data statistics. Tables 5 and 6 can be examined again to search 

for the cause of such an outcome. 

The means in each aggregation level are relatively more similar to each other in the grouped and 

the non-grouped calculations than are the variances. Hence the denominator of the coefficient of 

variation (formula 13) remains fairly stable while the numerator changes notably in most 

aggregation tests. 

Figure 4: Percentage change of selected summary statistics in respect to 'CT 171 ' (Y=O) at 
various levels of aggregation - grouped data. 

HMean LogAACS .Var LogAACS Q Mean LogMHl .Var LogMHl OCov (X,Y) O R  Sq- 
--- ---- --- - --- - -- - 

The decrease in the value of variance (and standard deviation) in random aggregations plays a 

dominant role in the decrease of the data variability, while its increase in adjacency-constrained 

aggregations leads to the rise of data variability throughout the study area. This outcome 

reinforces Steel's et al. (1996) position that the grouped data analyses are more suitable for 

studying spatially distributed data occurring at different aggregation levels. It is interesting to 



notice that using the grouped data analysis the 'N 62' test leads to a substantial variability 

increase in the income variable but only a small increase in the heaith variable, while ail custom 

adjacency-constrained tests generate a substantial vanability increase in both variables. This 

finding illustrates the fact that employing these custom data aggregations instead of 'N 62' 

enhances spatial data patterns in the study area for both applied variables. 

In conclusion, the expected loss of variance upon aggregation does not occur systematically for 

the chosen variables in the Toronto inner city area. This finding may indicate that aggregating 

data from a finer into a coarser reso~ution'~ may actually lead to the enhancement of spatial 

pattems and the strengthening of the informative power of the data. Incidentally. this concept is 

sometimes applied in cartography when during the creation of a choropleth (shaded) thematic 

map smaller spatial units are combined together in order to increase the visual pattern of a 

presented data set. 

Figure 5: Changes of the value of the coefficient of variation at different levels of aggregation 
(grouped and non-grouped data) in respect to %T 171 ' (Y=O). 

'O Many small units to few large un@. 



Taking into account the assumption of a causal relationship between LogAACS and LogMHl the 

results of subsequent regression analysis should also change with such aggregations. 

Covariance 

As analyzed by Reynolds (1998) the absolute value of covariance decreases with aggregation. 

Such a clear-cut outcome does not occur in this study. 

As it is indicated in Table 5, which shows the non-grouped data results, most aggregation tests 

result in lower absolute values of the covariance. When comparing the results to the census tract 

level data al1 tests with no adjacency constraint have lower absolute values of covariance. Lower 

covariance is also observed for the City of Toronto neighbourhwds and for tests maximizing 

homogeneity of LogAACS. What is worth noting is that the h o  adjacency-constrained 

aggregation tests that maximize homogeneity of Log MHl reveal an opposite outcome - the 

covariance increases with aggregation. As in the case of the variance the 62 income 

homogeneity-maximizing zones have the highest absolute value of covariance among al1 tests. 

The grouped-data results exhibited in Table 6 show the absolute value of covariance increasing 

in six aggregation tests and decreasing in four others. No obvious relation between the changes 

of covariance's absolute value and the criterion of maximizing of variables' homogeneity or the 

application of adjacency constraint is noticed. What is interesting is that the 62-zones test 

rnaximizing inwme homogeneity again scores the highest value among ail tests. 

Correlation and rearession 

A simple bivariate linear regression mode1 is applied to test the reiationship between the 

determinant and the outcome variables. The strength of this relationship is measured with the 

coefficient of simple determination ri. .. As indicated in formula (14) the value of correlation is 

positively related to the covariance between X and Y and negatively related to standard 

deviations of the two variables. 

The nongrouped data tests show both increases and decreases in the 8 values as compared to 

its pre-aggregation value. The aggregated values are smaller for the Citydefined 



neighbourhoods and 3 out of 5 random aggregations. The 8 increases in al1 adjacency- 

constrained tests, among which the 62 income homogeneity-maximizing zones have the highest 

value of this statistic (0.1946). This outcome is related to a fairly large covariance value and a 

low variance of LogAACS for this test. When examining variance, covariance and the ? values in 

al1 tests a conclusion can be made that it is difficult to assess whether the changes in values of 

covariance or variances have a larger impact on the 8. Only two tests maximizing homogeneity 

of the health variable and îwo random aggregations show that changes in the value of variance 

had a stronger influence on the 3 value, but other tests present ambiguous results. 

In the grouped-data analysis the 8 increases in al1 tests with no adjacency constraint and 

decreases in mnes made up of bordering census tracts. A greater influence on changing the 8 

value can be contributed to changing variance(s) in one random and three adjacency-constrained 

tests - two of which maximize homogeneity of LogAACS, and one 62-zone test rnaximizing 

homogeneity of LogMHI. 

Spatial autocorrelation 

Table 7 shows the spatial autocorrelatiori of variable at different aggregation levels. These 

values indicate the strength of a spatial pattern of similar values. Hence, when values of Moran 

Coefficient (MC) approach 1 similar values tend to concentrate in the same regions (strong 

clustering of values). When MC approaches -1 similar values are scattered around the study 

area with dissimilar values separating them. When MC is close or equal to O there is a random 

distribution of values in the study area (some limited clustering cm occur). When data are 

aggregated spatially the autocorrelation value may initially increase as similar values are 

amalgamated to relatively small cells, but as the units become larger the probability of their 

aggregated values becoming dissimilar from the neighbouring cells increases, leading to a 

decrease of the autocorrelation value (Reynolds, 1998). 



Table 7: Summary of spatial autoconelation at various levels of aggregation. 
1 Test Name 1 Moran Coefficient* 1 p-value 1 Moran Coefficient' 1 pvalue 1 

'Baseci on first order connectivity matrix 

When examining Table 7 two general observations can be made: 

4 The effects of aggregations with the adjacency constraint are quite different for the two 

variables. 

4 As to be expected, the random non-adjacency constrained aggregations produce MC values 

close to O. 

Several more specific details can be also observed. First, when we compare the two standard 

aggregation units 'CT 171' and 'N 62' it appears that while the MC value is much greater at the 'N 

62' level for the health variable, the inwme variable has a relatively stable MC value at both of 

these spatial levels. The MC values of the income variable at 'CT 171' and 'N 62' levels are 

nonetheless the highest among al1 examined combinations of spatial levels and variables. This 

means that similar income values tend to create fairly evident groupings when assemblecl into 

census tracts or into the City of Toronto-defined neighbourhoods. Similarly strong clustering of 

the health variable occurs within the neighbourhoods, but not within the census tracts. Second, 

as to be expected the autocorrelation values decrease in higher levels of spatial aggregation for 

the income variable. It is surprising however that this decrease is smaller for the City 

neighbourhmds than it is for custom aggregations. The outcornes for the health variable are also 

very interesting - the MC values increase noticeably for the City neighbourhoods and decrease to 

negative values for two out of four custom aggregations 

negative values are rather unexpected for the iwo custorn 

homogeneity, but given the differences between the nature 

with adjacency constraint. These 

tests that maximite health variable 

of MC and the homogeneity criteria 



used in aggregations they are not impossible. 

In summary, the wide range of MC values acquired in this analysis illustrates the complex 

behaviour of this statistic in relation to MAUP. A more detailed analysis of this behaviour is 

beyond the scupe of this study. 

Discussion 

Most statistical analyses aim to utilize the most accurate and detailed data possible. In many 

situations however individuaf-level data must be grouped into spatial units for easier handling, 

confidentiality reasons or to comply with the physical or administrational divisions that exist in the 

area. As a consequence researches are sometimes equipped with data that is not at the most 

desirable level of aggregation or spatial arrangement. The results of this study show how various 

aggregations of sxisting data can influence and in some cases strengthen the results of bivariate 

statistical analyses. 

When aggregating data, it is essential to ensure that the resulting groupings will reveal a 

maximum amount of information about the complexity of the underlying phenomena. This means 

that the aggregates should be as homogenous as possible including smalter areas (CTs) with 

relatively similar values. The custom aggregation tests with adjacency constraint are applied to 

meet this objective. As a consequence the differences between the mean attribute values of the 

neighbouring cells increase causing the value of the variance for the whole study area to also 

increase. In other words the changing value of the overall variance is use here as an indication of 

decreasing or increasing strength of the data pattern that exists at different levels of aggregation. 

As the overall variance increases the pattern becomes stronger enhancing the information value 

of the variable. As shown in this study, the variance of both applied variables differs deperiding 

on data aggregation techniques for both grouped and non-grouped scenarios. The homogeneity 

of both applied variables can be improved within spatial units by appropriate scaling and zoning. 

When using City of Toronto neighbourhoods statistical results indicate weaker spatial patterns 

than in selected custom aggregations constructed in this study. This may lead to less reliable 

results of univariate and bivariate statistical analysis in studies that routinely apply only commonly 



used spatial units. lnstead of such standard units, custom aggregations can be used to improve 

the information value of data. Such aggregations may be constructed using cornputer program 

simulations, however this method is often time consuming and requiring extensive knowledge of 

spatial sciences and cornputing. A simpler method, which is applied in this study, creates a 

limited nurnber of data aggregation tests based on pre-defined methodological criteria. The 

results of this method applied in the Toronto inner city reveal that the variance of the income 

variable is greatest in a set of 62 income-homogenous zones ('2 62 MHI') that are constructed 

from among adjacent census tracts. This method also leads to a relatively high variance for the 

health variable, especially in the grouped data scenario. The 'Z 62 MHI' test seems to be 

optimal'? for exposing richer information content for both applied variables at the level of 

aggregation comparable to the City neighbourhoods. To put it in other words, the '2 62 MHI' 

aggregation c m  be considered a better choice for health analysis in relation to socioeconomic 

status at this level of aggregation. with the assumption that the avoidable hospitalization and 

household income variables are good representatives of the health status and the income status 

respectively. One variance-related finding is very interesting in this analysis - some of the 

aggregated results are greater than the pre-aggregation ones, which contradict Reynolds' 

findings that the variance always decreases with aggregation (1998). In general, this study 

clearly reveals the potential of improving the data information strength in a given area with the 

use of custom spatial units. It also points to possible inconsistencies of the general theory in 

settings where real life instead of simulated data are analyzed. 

The values of covariance are not as simple to interpret as the variance. The covariance absolute 

value depends on each data entry for both variables as well as on the means of these variables. 

In the grouped data scenario, which is recomrnended for analysis of spatially aggregated data, 

values from both basic building blocks and the aggregated zones enter the equation. Hence, the 

aggregation and the rezoning processes impact the final covariance result. Reynolds (1998) 

concludes that the decrease of covariance value with aggregation indicates a loss of variability 

within each variable as well as between them. Most of the non-grouped results in this analysis 

17 Optimal among the tested aglgregatims 



support this notion, but the grouped data outcomes do not reflect such straightforward 

expectation. Once again the 'Z 62 MHI' test shows an increased absolute value of covariance for 

both grouped and non-grouped analyses indicating a gain of data variability at this aggregation 

level. However - the magnitude of the covariance value changes is relatively small for al1 tests 

(less than 1%). hence forming strong conclusions based on these results may be inappropriate. 

If an increased homogeneity of spatial variables entering the analysis is important, then based on 

the above-described results some conclusions about the bivariate correlation analysis can also 

be drawn. The correlation itself depends on the values of covariance and standard deviations 

(hence variances) of the two variables. As it was shown earlier, al1 of these elements Vary with 

aggregation and these changes are independent from one another. Changes of the values of 

these three components may offset or reinforce one another in the final transformation of the 8 

value. As it is shown in several tests. changes in the variance values of the two variables have a 

stronger influence on the final value of the correlation than changes in the covariance values. 

This finding presents additional evidence that seeking an increase in the variable(s) homogeneity 

within the aggregated zones is the appropriate course of action that should be taken prior to 

bivariate analysis of spatially defined data. It is also shown earlier that the City of Toronto- 

defined neighbourhoods are less successful in maximizing variables' homogeneity than sorne of 

the test aggregations. particulariy the '2 62 MHI'. Keeping this in mind, we can now discuss the 

actual values of the 8 in different aggregations. In the non-arou~ed analvsis, the 8 increases for 

al1 adjacency-constrained custom tests but it is smaller for the City-defined neighbourhoods. 

Based on this we may conclude that the analysis conducted with the standard aggregation units, 

such as the City-defined neighbourhoods, rnay be underestimating the true relationship between 

median household income and avoidable hospitalization rates. In absolute terrns the 'N 62' 

correlation is only half of the value of the correlation at the census tract tevel (0.06 and 0.12 

respectively). In the grou~ed data analvsis, carrelation value for al1 random aggregations is 

greater than at the census tract and the City neighbourhood levels. Random aggregation of 

census tracts adds, in this case, to the correlation between the two variables used in the analysis. 

However, a greater attention should be placed upon the adjacency-constrained tests as this 



method of combining of spatial units reflects both the usual administrational arrangement of data 

as well as a 'natural' clustering of human activity related data. The correlation values for al1 

custom aggregations are smaller than at the census tract level but larger than in the City-defined 

neighbourhwds. This leads to the same conclusions as in the case of the non-grouped data 

analysis that the City-defined neighbourhoods may be underestimating the tnre level of statistical 

relations hip between the two variables. 

Based on the presented results it appears that the use of standard data aggregation units may 

introduce bias that could be avoided or reduced by using custom data aggregations and re- 

zoning. Such analyst-constructed aggregates can improve the statistical quality of data in respect 

to the type of analysis conducted and the characteristics of the area in question. 

One shortcoming of this study must be cleady stated - the explanatory nature of this analysis 

prevents its results from k i n g  easily generalized to other areas and variables. The approach 

proposed here limits the number of tests that can be constructed in a given area, which on one 

hand simplifies the unit selection process, but on the other - makes the calculation of significance 

levels of the conducted analysis difficult if not impossible. In other words - in most areas there 

will be only few zoning options at any aggregation level that can meet the condition of variable's 

homogeneity. One way of addressing this problern would be to wnduct similar analysis in other 

areas and treat them as separate cases of a sample. However, this solution poses several 

practical and methodological wnsiderations, e.g.: (1) neighbourhoods would have to be defined 

in the new areas based on the same criteria as in Central Toronto, (2) the explanatory variable(s) 

may have relatively different impacts on the outcornes variable(s) in different regions, (3) the 

population fabric may differ substantially from place to place, (4) other. 

Incidentally, custom aggregation zones may be useful for creating more systematic data 

classifications when the analysis is conducted including various areas with initially incompatible 

spatial units. Applying such practice can, for example, be used for creation of custom spatial 

units that could replace US zip codes and Canadian census tracts in a study that uses both of 

these units. 



Potential applications of the analysis 

There are a number of potential applications for the findings of this study. First, the results 

suggest using a limited number of carefully selected rate variables that can produce results 

suitable for further use in other analyses. The patterns of the studied phenomena are enhanced, 

which improves the information value of the used data at a given level of spatial aggregation. 

Second, the approach used in this study can be applied to better define urban neighbaurhoods by 

lwking at a set of socioeconomic and health measures and the relationships between them. 

Many city planners as well as municipal and health officiais often prefer purely qualitative noms 

for defining neighbourhoods, however, the combination of quantitative and qualitative criteria as 

shown in this study seems to capture better the local diversities of the region. The rnixed criteria 

method offers a more rnethodological and inclusive procedure of outlining regions within which 

SES and health conditions are similar. A visual illustration of this concept is shown below - Maps 

8 and 9 show the distribution of median household income in the City of Toronto neighbourhoods 

and in the custom '2 62 MHI' zones respectively. A more pronounced colour pattern in Map 9 is 

particularly evident in the central and eastern parts of the study area. The increased data 

information value on this map helps in determining locations with the lowest values of the 

socioeconomic indicator, e.g.: the poorest areas of St. James Town and Moss ParuRegent Park 

protrude better in Map 9 than in Map 8. Additionally, the 'Z 62 MHI' zoning method isolates 4 

neighbourhoods where median income falls below the minimum 'N 62' level of $22,000 per year. 

These areas blend within higher inwme ranges in Map 8. Conversely, the data range limits and 

the custom data aggregation process itself can be set to best illustrate the objectives of a 

particular study, e.g.: the spatial units can be grouped in such a way as to emphasize the areas 

that faIl below the low income cut-off value. Caution must be applied while constructing specific 

objective-driven data aggregation techniques to avoid a creation of strong patterns where they do 

not exist in reality. Some qualitative criteria may help in controlling such potential enors, e.g.: 

areas separated by 'strong' natural or human-made boundaries should not be aggregated into 

one zone. The more distinct configuration of shades in Map 9 is caused by a higher level of 

homogeneity of the income variable as cornpared with the municipal neighbourhoods. 



Map 8: Median househoid income distribution in the City of Toronto neighbourhoods. 

Map 9: Median household income in the Z 62 MHI custom zones. 

Another observation can be made that many areas differ in their income range definition in 



the two maps, which is again a consequence of a more consistent grouping of census tracts 

based on the income variable in Map 9. This zoning identifies six more areas where the (income) 

data were suppressed at the census tract level. 

All the described differences contribute to a better portrayal of economic conditions within the 

communities in the study area and can be used in designing and implementation of appropriate 

policies and programs. Development of such programs can be further improved by inwrporating 

into the analysis of the absolute measures-type variables, e-g.: the number and distribution of 

physicians and their patients may be analyzed to locate and estimate the level of the outpatient 

under-service. Bindman et al., present an example of such approach in their 1995 study, where 

inequalities in the access to ambulatory care are shown to contribute to excess hospitalizations. 

Another interesting example is the 1995 analysis by Backman et al., in which the optimal number 

and locations of health centres in rural Saskatchewan were analyzed bas& on the distribution 

and the number of residents in the study and their travel patterns within the local road network. 

CONCLUSIONS 

This paper demonstrates that health analysis which utilize spatially ordered data can be 

influenced by aggregation and zoning. The analyst who is unaware of this problem might choose 

inappropriate aggregation units, which are more fikely to lead to biased results. Whenever 

possible, finer resolution data should be used, but if the need exists for analysis at a higher 

aggregation level, various zoning options can be considered depending on the nature of the 

analysis. 

Researchers using custom data groupings must be watchful for the possibility that statistical 

properties of the data may have been biased, as a result of attempts to increase the 

comprehensibility of the data for particular types of users and within specific areal boundaries. 

Such prioritization in a database creation process may be appropriate when the reporting of 

overview or summary-type data is the task at hand. However, when more advanced studies are 

conducted using methodologically dissimilar variables in relatively large and complex areas, then 

custom arrangements of spatial data may strengthen the value of such studies. An example of 



such analyses has been presented in this study. In our case the custom maximization of the 

income variable at the level of data aggregation that is comparable to the municipally-defined 

neighbourhoods leads to the improvement of data homogeneity for both variables used in the 

analysis. The results of the relationship analysis between the two variables indicate that the 

improved homogeneity of the input variables leads to the increase of the correlation between 

them. This result is specific to the study area and the selected data sets and should not be used 

to predict the outcomes of similar analyses that examine different data sets and study areas. 

A more general statement that can be made based on this analysis is that the consideration of 

MAUP in public health-type studies is important. This findiny may potentially play a significant 

role in the way health service analysts, epidemiologists or hospital administrators approach the 

issue of analysis of public health using preûefined data aggregation units. This conclusion 

answers the first of the three research questions stated in the introduction of this paper. 

The answer to the second question about the most appropriate aggregation levels is more 

complex and can be answered based on the case analysis conducted in this study. Sumrnarizing 

its outcomes the '2 62 MHI' aggregation seems to offer the highest level of data information 

content among al1 considered tests, hence it should be used in the bivariate analysis of the 

chosen variables. Other options however are possible for a given area and they will depend on 

the methodological design of a particular analysis. ln trying to answer the third question stated in 

the introduction it is safe to Say that in most cases it is more desirable to use data at the finest 

resolution possible. If however, due to such constraints as data avaiiability or the arrangement of 

the characteristics of the study area, the analyses must be conducted at a higher aggregation 

level, then a careful design of such aggregations should be considered. lncreasing statistical 

homogeneity of the chosen variables can be used as one of the first and most important criteria 

while constructing custom data aggregates. Other noms such as inherent socioeconornic and 

cultural characteristics of an area or even the extent of service delivery zones may, and in some 

cases should, be also taken into account. AI1 things considered, if an analysis allows for the 

customization of data spatial units, then quantitative and qualitative criteria can be incorporated to 

arrive to the most suitable results for a particular study. It is important to remember however, that 



for some end users of public health analyses custom units, such as the ones created in this 

study, may be less informative or even confusing when compared to the spatial units cornrnonly 

used in the area. Nevertheless, the methodological advantages of study-specific aggregation 

units should be routinely considered in public health studies, mainly because of their potential in 

alleviating some of the negative impacts of MAUP. 
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