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ABSTRACT

HANDLING ATTRIBUTE ACCURACY IN SPATIAL DATA USING A HEURISTIC
APPROACH
Min Sun, Ph.D.
George Mason University, 2014
Dissertation Director: Dr. David Wong

In mapping and analyzing geographical phenomena, data are usually portrayed to be
accurate without error. However, spatial data are often estimates derived from surveys,
and are associated some levels of uncertainty (i.e. standard error) which make the
estimates are unreliable. Ignoring uncertainty information in estimates may produce
misleading results and generate spurious spatial patterns or relationships. Approaches
dealing with spatial data quality have been developed decades ago, but they are mostly
limited to visualize the variation of reliability, failing to incorporate data quality
information in mapping and analysis. Without taking steps to address the uncertainty and
its propagation in mapping and data analysis, the derived products and results may be
misleading.
In this dissertation, I propose two approaches dealing with attribute uncertainty: 1)
incorporating attribute error information in determining the classifications in choropleth

xiii

maps, and 2) lowering the errors in estimates by spatial aggregation to produce more
reliable attribute estimates. A suite of visual analytical tools integrating different forms of
dynamic data representation and user interaction interface were developed to support the
implementations of the two approaches. Using these tools, users can produce data or
maps with explicitly indicated quality levels.
To demonstrate the effectiveness of the proposed approaches and tools, the American
Community Survey (ACS) data and national mortality data were used due to their
popularity and the presence of data quality information. The proposed methods and tools
are expected to be applicable to spatial data in various geographical realms, such as
census, health, environment, and geopolitics, etc., as long as attribute error is included in
the data product.

xiv

CHAPTER ONE INTRODUCTION

1.1 Research Problems
Surveys are used to collect social, economic, and ecological attributes of a target
population in quantitative research (U.S. Census Bureau 2012a). Attributes are spatially
explicit when the survey also collects location information of the observations, and each
observation in the population can be geo-referenced accordingly. Therefore, such survey
data may also be treated as spatial data. Spatial patterns captured by these survey data
may be revealed by mapping and spatial analysis using Geographic Information System
(GIS) to support decision making (e.g. Brewer and Suchan 2001; Wong and Lee 2005;
Anselin et al. 2008).
However, when survey data are mapped and analyzed, they are often implicitly
assumed to be accurate or with error levels that are of no significant concern. This
assumption may be acceptable when data are considerably accurate, such as the 100%
count data from previous decennial censuses. But when data contain substantial errors
(e.g., the American Community Survey, ACS data), adopting such assumption may lead
to erroneous results. Compiled information or derived products may inherit errors in data
used in mapping and analytical processes (Siska and Hung 2001a; Heuvelink and
Burrough 1989). Conclusions based upon the geographical patterns revealed by these
inaccurate data may be misleading (Kobus et al. 2001). For example, a newspaper report
claimed that Washington, DC was packed with lawyers, journalists and policy nerds
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while computer scientists and biologists mostly lived beyond the Capital Beltway (de
Vise 2010). Such conclusion was drawn based upon several maps compiled from the
ACS data containing relatively large error in the estimated means of sampled values. The
variability in sampled values can be regarded as the error of an estimate, which is usually
measured by the statistic standard error. If sampled values vary tremendously, the derived
estimate will contain large error, implying that the estimate is not reliable. Without
considering the reliability of the mapped estimates, the observed spatial patterns and
conclusions drawn from these maps are very much in doubt. In other words, if we do not
consider the reliability of estimates, we will not know about the reliability of the derived
information. As a result, we cannot assess the correctness of decisions based upon the
data (Heuvelink and Burrough 2002).

1.2 Selected Approaches to Handle Spatial Data Quality
Fortunately, researchers realize the importance of spatial data quality (Ripley
1981; Cressie 1992; Burrough and McDonnell 1998; Goodchild 1995). Beard (1991)
suggested that data users should pay attention to data quality at all stages of data
processing, which include data collection, management, analysis and visualization.
Usually, methods handling spatial data quality vary dramatically according to the specific
quality aspect that is being studied (e.g., positional accuracy, attribute accuracy and
completeness). Meanwhile, errors affecting spatial data quality are introduced from
multiple sources, and different sources of error should be handled by different methods as
well. Our research in this dissertation will focus exclusively on the attribute accuracy of
survey data and errors affecting attribute accuracy.
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Most studies on survey data quality focused on assessing error incurred during the
data collection process (e.g. Su et al. 2007; Ghouse 2008), and methods assessing
attribute errors are relatively mature. For instance, statistics measuring sampling error in
survey data are well developed. Survey data provided by government agencies are often
accompanied by measurements of attribute accuracy or at least a textual description on
the methods of calculating the measurements (e.g., data gathered from the Surveillance,
Epidemiology and End Results – SEER program; Griffith 1991). While statisticians have
emphasized measuring data quality, Wong and Wu (1996) first advocated that data
quality measurements should be stored as the attribute of features in spatial databases and
treated as decision aids to assist data users. They also proposed several methods using
GIS to compare data with different levels of accuracy to derive quality information.
Prototype systems have been developed to handle the per-feature quality information
(e.g., Gan and Shi 2002; Qiu and Hunter 2002; Devillers et al. 2005). However, these
systems focus mainly on managing and storing positional accuracy information.
Following this line of thought, Ghouse and Duckham (2009) introduced specific methods
to store data quality information (including attribute accuracy) with features in a spatial
relational database, which is efficient for spatial querying. Some GISs were developed to
track the data quality information such as the number of missing values and the
consistency between recorded values and value domains in a database (e.g. Unwin 1995).
With the availability of spatial data quality information, another group of
researchers paid attention to communicating the quality information through mapping.
MacEachren et al. (1998) pointed out that the “power of human vision to synthesize
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information and recognize pattern … can mislead investigators … if data reliability is not
addressed directly…” (p. 1547). Pioneering activities related to mapping data quality
have started as early as 1988 (e.g., Beard et al. 1991). Nevertheless, dealing with data
quality information in mapping generally is haphazard. No standard approaches or
practices to include data quality information in a map have been adopted. Most solutions
were only limited to simply adding error information onto existing map designs (e.g.,
MacEachren et al. 1998; Leitner and Buttenfield 2000). Some GISs allow users to
manage, calculate and visualize spatial data quality systematically, such as the GIS Data
ReViewer, which were developed by ESRI for a water company to check the quality of
data recording water facilities (Esri 2004). However, such kind of systems is very few.
In addition, some researchers took into account different types of error in spatial
analysis procedures (e.g., Siska and Hung 2001b). For instance, Xia (1998) considered
errors in the covariates when using a Poisson spatial model to estimate lung cancer rates
from count data. In Kriging, errors in attribute data can be treated as the nugget effect and
presented in variogram (Carrasco 2009; Siska and Hung 2001b). On the other hand,
studies outside of geosciences realm (e.g., the time series analysis using economic data
conducted by Bell and Wilcox 1991) address error problems in analytical models more
frequently than those in geosciences.
Review of literature leads us to conclude that research on spatial data quality
related to mapping and spatial analysis is far from completed. Although map makers are
encouraged to display data quality information on maps, simple display cannot reduce the
error which has already been propagated from data to the resultant maps. When error is
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relatively large in input data, quality of resultant maps may not be accepted. In addition,
although some researchers have developed methods dealing with attribute error in their
specific analytical models and datasets, no general method is regarded as the standard
solution that can support most spatial analytical methods and produce more reliable
results. In order to generate more reliable data products (e.g., maps), error propagation
should be controlled in the mapping process. Or even better is to directly reduce the error
in the original data so that mapping and spatial analysis processes can start with data with
less error.

1.3 Research Objectives
Generally, two broad categories of statistical errors affect attribute accuracy in
surveys: sampling error and non-sampling error (Burrough and McDonnell 1998; Sun
and Wong 2010). Non-sampling error refers to the errors introduced by respondents,
interviewers, coders and procedures during the data gathering and compiling processes.
Sampling error exists because the sampled observations may not represent the true
population well, and thus the estimate of a parameter value in the population is not highly
reliable. Unlike non-sampling error which may be reduced significantly by good design
and execution of survey procedure, sampling error is inherent in the data when they are
collected from samples instead of all observations in the population. As a result, sampling
error becomes a significant factor in affecting the estimate accuracy. Therefore, this
dissertation focuses on addressing sampling error from a spatial data perspective.
Sampling error can be measured by statistics (e.g., standard error), and most wellorchestrated surveys provide sampling error statistics together with estimates. If reported,
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sampling error can be considered by data users. In this dissertation, I propose to address
the sampling error issues with the following methods:
1) Choropleth maps, in which observations are categorized into classes, are
frequently used to represent the underlying spatial patterns hidden in survey data. Spatial
patterns are formed when differences between classes exhibit systematically over space.
Without considering errors in estimates, map classes are usually determined using
estimates only. If estimates are unreliable, an observation being assigned to one class
may actually belong to other class. Accordingly, an observation may not be different
from observations assigned to other classes. Thus, determining map classes without
taking into account errors in estimates may create classes housing estimates that are not
statistically different, and spatial patterns revealed by map classes may be fictitious.
Therefore, an objective is to determine map classes that are highly separable, and the
related objective is to inform map readers about the confidence levels that observations in
different classes are really different.
2) Some survey data may have error too large to be used “comfortable” by users
in mapping and spatial analysis. To make such survey data more usable, we may try to
reduce errors in estimates. A major reason that estimates are unreliable is because of
small sample sizes. Thus, to reduce errors in estimates, we may enlarge the geographical
extents of observations so that the sample sizes of areal units could be raised. One
possible approach to increase sample sizes is to merge areal units together, but at the
expense of lowering spatial resolution of the data. Merging areal units will require a
systematic spatial aggregation procedure that addresses the following issues: When
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should aggregation be performed? Where the aggregation process should start and stop?
How areal units should be grouped or merged, and how can the error of the merged units
be calculated?
3) There is no best map classification or the best spatial aggregation result
(Brewer and Pickle 2002; Unwin 1995). The most preferred solution may be a
compromise produced by considering multiple objectives and selecting a choice that
performs reasonably well on all measures. To reach the most preferred solution, one
approach is to involve human intelligence, and produce results heuristically by evaluating
the trade-offs among relevant, and sometime conflicting criteria. This heuristic process
can be conducted within an exploratory data analysis environment, which is recently
called visual analytics because the environment is designed to support user interaction
and graphical information representation (Kohonen et al. 2001). Therefore, a set of visual
analytical tools, including maps and statistical plots linked together with interactive
operations and real-time calculations will be developed to support the proposed mapping
process and spatial aggregation procedure in the dissertation. Within the toolset, data
users can perform heuristic processes to create maps and new datasets (through spatial
aggregation) with lower error levels. Demographic and public health data with sampling
error information will be used to illustrate the proposed error handling approaches and
the capability of the toolset.
The rest of this dissertation is structured as follows. In Chapter Two, I discuss the
concept of sampling error and relevant error terminologies. The chapter also provides a
review of previous studies on visualizing sampling errors, spatial aggregation methods,
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and existing visual analytical techniques. In Chapter Three, I propose several methods to
incorporate sampling error in determining map classes, and introduce associated visual
analytical tools which can support the proposed heuristic mapping process. The spatial
aggregation procedure to reduce the variability of estimates is introduced in Chapter
Four, followed by the explanation of the visual analytical tools supporting the spatial
aggregation procedure. In Chapter Five, I report several mapping and aggregation
experiments to demonstrate the usefulness of my approaches. Finally, in the concluding
chapter, I enumerate the limitations of the proposed approaches and discuss further
development.
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CHAPTER TWO LITERATURE REVIEW

In the past several decades, research on spatial data quality has been growing.
Various terms were used in the research related to different aspects of data quality, but
most of the terms are not self-explanatory. Therefore, I need to clarify these
terminologies at the beginning of the study in the next (first) section. In this dissertation,
one of the objectives is to incorporate data reliability information into choropleth
mapping. Plenty of effort has been taken to measure error and visualize the measurement
information on maps. Therefore, in the second section of this chapter, I review relevant
cartographic research that deals with error information. As another objective of this
dissertation is to utilize spatial aggregation to reduce error, I also review studies related to
spatial aggregation. In addition, I discuss theories and fundamental concepts in existing
visual analytical techniques, providing background information for the proposed visual
analytical tools to support the error-handling approaches adopted in this research.

2.1 Data Quality Components and Associated Terms
The term “data quality” is rather broad and fuzzy, and other terms such as error,
accuracy, uncertainty, reliability and precision are also used in the literature (e.g.
Thomson et al. 2005; Howard and MacEachern 1996; Hunter and Goodchild 1996;
Goodchild 2003). Generally speaking, data quality is an umbrella term referring to all
quality issues that need to be considered in data collection, management, mapping and
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analysis. Reliability is one aspect of data quality with a positive connotation, while
uncertainty refers to the statistical nature of the data. Higher uncertainty in spatial data
lowers their quality. However, different terms about data quality should not be used
loosely, but correspond to different aspects of data quality. They should also reflect
different sources that introduce error or may reduce the levels of data quality
(MacEachren et al. 2005). Therefore, in order to clarify terms relevant to data quality,
identifying different sources of lowering data quality is required.
Some research papers and spatial data standards have already sketched out
different aspects of quality that need to be considered when using spatial data in different
ways (e.g. Longley et al. 2001; NIST 1992; FGDC 1998). According to the spatial data
transfer and metadata standards developed by the Federal Geographic Data Committee –
FGDC (1998), spatial data quality may include six aspects: attribute accuracy, positional
accuracy, logical consistency, completeness, lineage and cloud cover.
Completeness refers to the commission and omission in the records of features,
the associated attributes and relationships (Jakobsson 2002). Logical consistency means
the degree of adherence to logical rules when storing spatial data. Adherence can relate to
the conceptual schema, value domains, data structure, and the correctness of topological
relationship of features in datasets. Lineage describes the historical development or
evolution of the data. Cloud cover, which refers to the obstruction by clouds, is often
concerned about remote sensing data. Accuracy describes the difference between the
observed and actual values of a particular property of a geographical object being
measured (Veregin 1999).
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In studying spatial data, accuracy can be further divided into positional accuracy
and attribute accuracy. Positional accuracy describes the accuracy of measurements on
the location of geographical objects, while attribute accuracy may refer to the accuracy of
attribute measurements, or the correctness of classes to which the observations are
assigned (e.g. the soil type class and land cover type class; MacEachren et al. 2005).
Logical consistency may be labeled as topological accuracy when it is used in the context
to describe topological relationships. Some metadata standards include temporal accuracy
as well (Ostensen 2002). Temporal accuracy may refer to the correctness of timestamp
associated with geographical events, the correctness of temporal sequence of a series of
geographical events, and the timeliness of data collection (currency). While spatial data
quality includes many aspects and the approaches to handle different aspects vary widely,
this dissertation will only focus on attribute accuracy.
The accuracy of spatial data may be hampered by many factors (Figure 1).
Precision generally refers to the number of digits used in recording the values
(Buttenfield 1991). In the geospatial domain, precision is often related to the spatial or
temporal resolution which determines the levels of detail of measurements in describing
spatial objects (Veregin 1999). Improving the precision of measurements may approach
capturing the reality, but there is always a limit how close one may get. The limit can be
dependent upon the capability of the device used to capture and store the data. Low
precision may reduce data accuracy. For example, a small river on a low resolution map
may be generalized as a straight line while it actually curves around the terrain. Both the
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displayed geometry and the associated attribute (e.g., length of the river) become less
accurate when data are captured and represented under the lower spatial resolution.
Error is another source to reduce spatial data accuracy (Buttenfield 1991).
Usually, two types of errors can be found in the data collected from survey activities:
non-sampling error and sampling error. Non-sampling error refers to the errors in
sampled values introduced when the information is not captured accurately. In general,
this type of error is introduced due to mistakes in executing the survey procedures, such
as the failure on the respondent part in providing accurate data, the failure of the
interviewer to record the information correctly, and the mistakes committed by the coders
in coding the survey results (Banda 2003). Therefore, non-sampling error could be
minimized through employing well-trained workers and conducting quality control
procedures in all phases of data collection before data are processed and released to the
public (U.S. Census Bureau 2012b).

Figure 1 Relationships between selected data accuracy components and different types of error

Sampling error emerges when a sample of observations from the target population
is used to infer the attributes in the population (Banda 2003). Estimates of sampled

12

observations are different from the population parameters. Accordingly, sampling error is
related to the variation in sampled values to derive the estimates of population attributes.
Due to the nature of sampling that uses only part of the population, sample data cannot
provide the perfectly accurate picture of the population characteristics. Thus, sampling
error cannot be removed entirely. Rather, sampling error can be reduced by various
methods, including stratifying samples in proportions to the sizes of heterogeneous
groups in the population or increasing the total sample size (Friedrich 2000).
Theoretically, if sample size is increased to the population size, sampling error will be
eliminated, as the sample and population means converge (Burt and Barber 1995).
Sampling error undermines the quality of spatial data and, thus its negative impacts on
spatial data processing should be controlled. I will propose several methods to handle
sampling error (i.e. the variability of estimates) in this dissertation. In addition, failing to
select representative samples in sampling surveys is another source that introduces
differences between estimates and population parameters. This kind of difference is
called sampling bias, but will not be discussed in this dissertation.

2.2 Handling Error Information on Maps
2.2.1 Significance of Attribute Accuracy in Mapping
Choropleth maps are often used to display spatial data. In choropleth maps, areal
units are divided into classes according to their attribute values with selected
classification methods (e.g. natural breaks, equal interval, standard deviation and
quantile; Slocum 2003). Shades or colors are given to different classes, and spatial
patterns emerge through the differences between classes (Wright 1938). The processes of
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compiling and reading choropleth map are in no way simple even when the underlying
data are 100 percent accurate, but the presence of errors in spatial data complicates these
processes even further.
Xiao et al. (2007) and Sun and Wong (2010) have discussed how errors in
attribute values introduce problems in compiling and reading choropleth maps. Due to the
uncertainty in estimates, estimate of an observation may not be significantly different
from the estimates of other observations. When producing a choropleth map, each
estimate belongs to one class only to a certain extent. As shown in Figure 2, observations
are assigned into three classes using the version of “natural breaks” method described in
Slocum et al. (2003), which is different from the “Jenks natural breaks”. The Jenks
natural breaks method, instead, refers to the optimal natural breaks method developed by
George Jenks (1977). Slocum et al. (2003) also described this method as the optimal
method implemented with Fisher-Jenks algorithm. Observations 2 assigned to the second
class has variation spanning into the first class significantly and observation 6 assigned to
the third class has a reasonable probability of belonging to the second class. In other
words, observations assigned to one class may not be really different from the
observations in another class, or the difference between classes is not reliable.
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Figure 2 Estimates with normally distributed errors assigned into classes based on natural breaks method
(Slocum et al. 2003)

Since some observations have significant probabilities to fall into more than one
class, different maps could be generated using estimates and possible values (estimates
plus variability) (Figure 3). Without any error information shown on maps, it is difficult
to determine which map represents more accurate spatial pattern of the population
attributes. Therefore, errors have to be recognized and presented in the processes of
compiling and reading choropleth maps. If errors are not acknowledged and
communicated, map readers may believe something is there but in fact nothing is of
significant (MacEachren et al. 1998).
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Figure 3 Maps generated using data with standard error (data source: ACS, 2011, 1-y, county, median
household income, New Jersey; map on the left was rendered based on the minimum in the estimate interval at
90% confidence level; map on the right was rendered based on the maximum in the same estimate interval; the
two maps share the same classes which is made based on Jenks natural break and customized by the map
maker)

2.2.2 Measuring and Visualizing Error Information
Dealing with error in spatial data has a long history in GIS and cartography
(Beard and Buttenfield 1991). However, how data quality information should be included
on maps has not been clear. A simplistic approach, but nonetheless better than not
providing data quality information at all, is to display the variability of estimate
(measured by, for instance, standard error, margin of error or the coefficient of variation)
on maps. This approach was adopted in the Atlas of United States Mortality (Pickle et al.
1996) in which box plots were used to depict the reliability of health statistics shown on
the corresponding maps. Similarly, in the micromap designed by Carr and Pickle (2010),
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box plots were used to display estimates and the associated variations besides the maps,
which show the locations of observations included in the corresponding box plots.
Observations on the map are associated with the values on the box plot with unique
colors. However, when reading maps, matching the data reliability information with the
corresponding estimates and spatial locations between the two displays (a map and a
statistical graph) reduces the effectiveness and efficiency in assimilating the information.
MacEachren et al. (1998; 2005) stated that coincident display of data and reliability
information is more effective.
Two layouts for the coincident display have been proposed: 1) displaying attribute
accuracy on one map accompanied by the map of the original attribute values (e.g.,
Leitner and Buttenfield 2000; MacEachren 1994), and 2) combining attribute and the
associated accuracy information as two variables to form a bivariate map (e.g., Brewer
and Pickle 2002; Olson 1981; MacEachren et al. 1998). Edwards and Nelson (2001) have
compared the efficiency of visualizing attribute accuracy by separate maps and bivariate
maps. The result shows that bivariate maps work significantly better than separate maps,
at least when the maps are static or non-interactive.
As coincident displays are preferable, various designs of cartographic symbol
have been tested to depict data reliability information (e.g., Leitner and Buttenfield 2000;
MacEachren 1992). Different aspects of spatial data quality can be represented
cartographically through symbols for different map elements (Thomson et al. 2005).
Visualizing attribute accuracy can be achieved, for instance, by adjusting symbol fill-in
(or boundary) color, color saturation, transparency, lightness, and symbol size
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(Buttenfield 1991; MacEachren 1992; Burt et al. 2011; Edwards and Nelson 2001; Hengl
et al. 2004), or by overlaying semitransparent cues such as hatch symbols onto the
estimates of enumeration units (Xiao et al. 2007; Sun and Wong 2010). In addition,
dynamic symbols, such as flicking error information on the top of estimates (Evans
1997a), were also suggested.
Among different aspects of data quality, the type of error being included in maps
the most frequently refers to the basic reliability information of the original estimates.
The deficiency of just showing the estimate reliability is that they may not help reflect the
accuracy of information derived from data analysis, such as comparing if two estimates
are significantly different or not. Some research or mapping tools have already taken into
account the reliability of analytical results. In a previous version of the American
FactFinder1, it provided a web mapping tool that allowed users to compare the estimate
of a selected unit with estimates of other units, determine if they are statistically different,
and highlight the comparison results and significant differences on the map. Extending
the idea of comparing estimates, in our previous research we developed an ArcGIS
extension2 which can help data users determine if an estimate in one class is significantly
different from estimates of all areal units in other classes (Sun and Wong 2010; Wong
and Sun 2013). The difference is categorized into three types: significantly different from
the lower class, from the upper class, and from both lower and upper classes. However,
the comparison result pertains to the estimate of a given areal unit, and thus it fails to
indicate the performance of the entire class or the classification schema.
1
2

http://factfinder2.census.gov/faces/nav/jsf/pages/index.xhtml (last accessed on 12/21/2011)
http://gesg.gmu.edu/download.htm (last accessed on 04/23/2014)
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All of the above methods were used to measure the reliability of estimates in
individual areal units. They cannot show the accuracy of the underlying spatial patterns
presented by the maps. We cannot be certain about the spatial patterns revealed by
choropleth maps partly because the classification does not consider error in data. All of
the above methods cannot assess the certainty of classification or the difference among
classes. On the other hand, the above methods require explicit symbolization of
uncertainty, creating an additional cartographic variable that needs to be interpreted by
the map reader. Depending on the map scale and information content, the added symbols
may reduce map legibility. Therefore, in dealing with attribute accuracy, a more efficient
approach is to incorporate accuracy information directly into the map classification to
determine classes that are significantly different in values so as to improve the certainty
of presented spatial patterns. This approach takes advantage of the role of classification to
reduce perceptual error by generalizing multiple observations into limited numbers of
classes (Dobson 1973).
Some attempts have taken into account the degree of differences between classes.
For example, Jenks and Coulson (1963) noted that the number of map classes should be
limited to ensure the heterogeneity between classes. The study by Stegna and Csillag
(1987) went as far as determining both class breaks and the number of classes by
statistically testing the difference between data-clusters (they treated a class as a datacluster). However, all of them fell short of explicitly acknowledging that attribute data
have errors, and differences among values might not be statistically significant.
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The study by Xiao et al. (2007) was likely the first to explicitly evaluate the
effects of data uncertainty on map classification. They defined a robustness measure as
the percentage of enumeration units with the probability of belonging to a particular class
greater than a pre-specified threshold. For example, a threshold of 0.8 indicates that the
user will be satisfied with any enumeration unit with 80 percent of changes that it falls
within the class to which it is assigned. Then, if 3/4 of all enumeration units meet or
exceed this threshold, then the robustness level of the classification will be 0.75.
Although robustness measures the reliability of a map classification, it operates under the
premise that class breaks are given or determined a priori. However, none of the existing
classification methods have taken account into the error information in the process of
determining class breaks. As error is already in the data, without controlling the
propagation of error in the classification process, we cannot improve the reliability of
spatial pattern which is revealed through the chosen classification. Therefore, an
approach that considering error information in the process of determining class breaks
would be more useful than evaluating the overall performance of a classification method
when the class breaks are given.
In our initial attempt to determine map classification incorporating errors, we
place class breaks between two significantly different consecutive estimates arranging in
ascending (or descending) order (Sun and Wong 2010). However, this data-driven
approach suffers from at least two drawbacks. First, the algorithm compares only
sequential pairs, assuming that non-sequential pairs have lower levels of significance than
those sequential pairs. Then, if two sequential estimates have relatively small standard
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errors, a class break may be created between them; yet estimates farther away from this
class break could have large standard errors such that these estimates may not be
significantly different from those estimates closer to the class break. Second, since the
determination of class breaks in this method requires a predefined significance level
(such as  = 0.05), the method may not be able to create any class break if estimates have
relatively large errors. Thus, a more robust approach is required to consider nonsequential pairs in determining class breaks and allow greater flexibility in seeking a
balance between the degrees of difference between classes and other properties of a
classification (e.g., the number of classes).

2.3 A Potential Solution to Reduce Variation on Estimates and Related
Work
Incorporating sampling error in a map classification has a limitation: when error is
large in estimates, observations cannot be statistically different from each other at a high
confidence level. Furthermore, incorporating error in the mapping process cannot
improve the quality of raw data. Using unreliable raw data in other processes such as
spatial analysis could be risky. Therefore, taking a slightly different direction, the
objective here is to reduce the variability of estimates in order to make data more usable.
Conceptually, sampling error of an estimate can be reduced if sample size is
larger. After data are gathered and disseminated, data users cannot change the sampling
procedure or the sampling error in the original data. However, by aggregating areal units
together, which is analogous to increase the sampling rate, the variability of the derived
estimates would be lower than the original ones. Therefore, spatial aggregation is a
possible approach to accomplish our objective to reduce the variability of estimates. The
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costs of using aggregation are changing the original geography (or areal unit granularity)
and introduce bias to the estimates. Spielman et al. (2014) have a similar view that
aggregation is one of the viable strategies to manage the uncertainty in attribute
estimates.
2.3.1 The Modifiable Areal Unit Problem
In a spatial aggregation procedure, smaller areal units can be aggregated in many
ways to form fewer larger areal units. Different ways to combine areal units lead to the
well-known modifiable areal unit problem (MAUP) which was first formalized by
Openshaw and Taylor (1979). The MAUP can be divided into two components: zoning
effect and scale effect (Armhein 1995; Wong 1996). The zoning effect refers to the
variability of analytical results depending on how areal units are merged; and the scale
effect refers to the inconsistency of analytical results derived from data at different spatial
scales or resolutions (Wong 1996).
Because of the MAUP, using highly aggregated data carries a risk: spatial pattern
and relation captured in the original higher resolution data may disappear if areal units
are aggregated arbitrarily (Openshaw and Rao 1995). One of the suggested solutions for
the MAUP is to use heuristic algorithms involving human intelligence so as to create the
most preferred aggregation among all possible schemes to suit the specific objective or
undertaken data processes (Openshaw 1983; Wong 1996). Objective function is
configured to measure the fitness of aggregated data to the undertaken data processes. In
this dissertation, the objective function should mainly measure if the size of error in the
aggregated estimate is acceptable to data users, while other criteria may be considered as
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well to ensure the aggregation results are suitable for the specific application. Since
spatial scale would have changed after aggregation, the potential analytical results
obtained from the original data may be altered when using the aggregated data. To
preserve the original results as much as possible, we should also keep the original spatial
scale unchanged as much as we can during the aggregation procedure. One simple way is
to involve as few areal units in aggregation as necessary, so that spatial aggregation is
performed only on areal units with large estimate errors. This is different from most
traditional spatial aggregation procedures that include all areal units in the study area
(e.g., Openshaw and Rao 1995; Li et al. 2014).
2.3.2 Current Spatial Aggregation System
1) Existing systems
Several spatial aggregation systems have been proposed in the past. The
Automatic Zoning Procedure (AZP) developed by Openshaw (1977 and 1978) for
generating optimal aggregation schemes was the most popular aggregation procedure.
AZP starts from a certain number of randomly aggregated zones, and then optimize the
aggregation by an iterative process of recombining areal units based upon the objective
function. AZP is a framework that can be used for aggregation with different purposes.
For example, Openshaw and Rao (1995) implemented the AZP using Arc/Info to
aggregate 1991 UK census data; Martin (1998) applied AZP to design the geography of
2001 population census in England and Wales (Martin et al. 2001), while Haining et al.
(1998) developed an aggregation procedure base on the AZP to handle cancer data. In
addition, Martin (2003) designed an Automated Zone Matching (AZM) system by
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extending the AZP in order to merge multiple data sources under different geographies
and aggregate them into larger areal units. The AZM system has been used for
aggregating some environmental and health data (Cockings and Martin 2005).
However, AZP has several problems. Executing the optimization algorithm is
time consuming due to the computational complexity when the number of original units
or the number of desired new zones is large. Also, the result of AZP is highly dependent
on the selection of seed units. To improve performance, computationally optimized
aggregation algorithms have been developed, such as the simulated annealing AZP, AZPtabu search algorithm and the simulated annealing redistricting algorithm (Openshaw
1988; Glover 1977 and 1986; Macmillan and Pierce 1994). In addition, only a few
aggregation systems were developed not based upon the AZP framework (e.g. the
AggRegation Tool; Guo et al. 2001). For example, Folch and Spielman (2014) defined a
regionalization/aggregation algorithm which does not require the numbers of new regions
to be defined before the regionalization process. They considered that the number of new
regions is entirely unclear before finishing the regionalization process.
Despite the wide adoption of AZP, it cannot directly meet our objective of
reducing errors in estimates. In AZP, all areal units are re-grouped into new zones, and
such process is against our desire of preserving original data to the greatest extent. Also,
aggregation should not start with a set of randomly selected units, but, instead, the seeds
should be the units which have larger error in their estimates. As a result, we need to
design a new spatial aggregation procedure for the research question.
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One common problem that previous studies have not addressed sufficiently is
when two or more variables are involved in defining the objective function. This problem
occurs when, for instance, there is a need to compare two attribute variables. If the
aggregation process is taken on the two variables independently, then the two variables
may follow two different spatial configurations despite the two variables were under the
same spatial configuration before aggregation. Comparison cannot be easily conducted
on the variables with different geographies. The challenge is thus to keep the same
geography for both variables during aggregation. A particular study by Openshaw (1983)
involved two variables in aggregation when testing the zoning effect on changing the
correlation analysis results. However, new areal units were generated in the random
aggregation system without any constraint for the two variables in the objective function.
Therefore, we need to introduce a new procedure that allows aggregation to be performed
on more than one variable, but maintaining the same spatial configuration for both
variables while the objective function should be defined by both variables and the levels
of error in the estimates.
2) Popular aggregation criteria
The process of spatial aggregation has to be guided or constrained by one or more
criteria according to specific purpose(s) of aggregating areal units. Several typical criteria
for aggregation have been identified in the past (e.g. Cockings and Martin 2005 and Guo
et al. 2001). For applications, such as detecting spatial pattern and correlation analysis
(e.g. Openshaw and Alvanides 1999), selecting units with similar attribute characteristics
is desirable to avoid too much variation to be smoothed out by aggregation. Uniform
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population size across new zones is usually a criterion for generating census units (e.g.
Sammons 1977; Hess et al. 1965; and Datta et al. 2012).
From a spatial data aggregation perspective, spatial contiguity is an essential
criterion (Datta et al. 2012; Guo et al. 2001; Openshaw 1977). Many applications, such as
rezoning survey units and political districting (Datta et al. 2012; Horn 1995; Hess et al.
1965; Briant et al. 2008), require resultant zones to be highly compacted or in relative
uniform shapes, such that resultant regions may be more likely to be comparable and less
biased toward certain outcomes. In practice, criteria to guide spatial aggregation
procedure usually consider both spatial and thematic characteristics of the areal units
(Datta et al. 2012; Hess et al. 1965, Guo et al. 2001; Sombroek and Carvalho 2000).
While reducing error is the major criterion in the proposed aggregation procedure, the
above criteria can be selected by data users and used to guide the determination of the
way to combine areal units, so that resultant data will be suitable for the particular use
purpose.

2.4 Visual Analytics
2.4.1 Potentials or Utilities of Visual Analytics
Both choropleth mapping and spatial aggregation are heuristic processes. In
choropleth mapping, many objectives or criteria, such as maximizing internal class
homogeneity or equalizing numbers of class members, have been suggested to guide map
construction (Slocum et al. 2003). However, these objectives are often in conflict with
each other. A choropleth map best for one objective may not be the best for others (Xiao
and Armstrong 2006). One approach is to find the compromise on one or multiple
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objectives. In our research here, making compromises will require the intelligence of map
makers to determine how to trade-off conflicting objectives with lowering estimate errors
as one of the objectives. For example, a map with classes that are significantly different
in values may have lower performance on other objective(s). Map makers have to balance
between the degrees of differences between classes and other objective(s). This
experiment-based and case-dependent process is a heuristic process.
Similar to the process of creating a choropleth map that needs to consider multiple
objectives, deriving zones through spatial aggregation is also driven by an objective
function defined by multiple criteria (Cockings and Martin 2005). In this dissertation,
aggregated zones should have error small enough to be acceptable by data users. Human
intelligence needs to be involved in the entire process to determine the acceptable error
level and the most preferred aggregation scheme.
Therefore, using choropoleth mapping and spatial aggregation processes to deal
with sampling error share several common characteristics: 1) multiple criteria pertaining
to both spatial and attribute characteristics are considered; 2) human factors are involved
in evaluating the trade-offs between multiple objectives or criteria; 3) intensive
computations are required to enumerate all potential options for data users to evaluate;
and 4) the “best” solution is application-dependent. Proper computation tools or a system
is in need to handle the computation, analysis and selection in the heuristic processes
with such characteristics.
Exploratory spatial data analysis (ESDA) system, which facilitates the interaction
between human and data processing through innovative graphics, maps, and efficient
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computational tools, provides the potential technical support for the heuristic processes
(Anselin 1994). ESDA is also called visual analytics recently due to the integration of
more advanced visual techniques (Wong and Thomas 2004). ESDA system (or visual
analytical system) is usually used to support a process, which: 1) does not have an unique
solution; 2) engages human factor; 3) needs to consider multiple factors; 4) requires
strong linkage between maps and statistical analysis; and 5) requires to combine visual
and geocomputational approaches within the same environment (Gahegan 2000). All
these properties correspond to the characteristics of our proposed heuristic processes
dealing with sampling error in spatial data. Therefore, to support the implementations of
the proposed mapping and aggregation procedures, we developed such a visual analytical
system.
Koua and Kraak (2008) argued that an ESDA system (or visual analytical system)
should include statistical computation capabilities, data visualization, interaction
techniques, and data management if data are complex and large (Figure 4). Data
visualization relates to different forms of data representation, including maps presenting
geo-referenced data and statistical plots presenting attribute information. Different forms
of data representation focus on different aspects of knowledge that can be derived from
data (e.g., estimate distribution and error distribution). All forms of representation should
be synchronized so that data analysts may recognize the underlying relationships among
different aspects by their representations. In order to enabling the proposed error handling
methods, the system should include the additional capability of incorporating error
information in the above computational and representation components.
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Figure 4 Components in ESDA system (Koua and Kraak 2008, p. 53)

2.4.2 Current Visual Analytical Tools
Visual analytics or related techniques have already been developed in the past for
geographical analysis (e.g. Gahengan et al. 2002; MacEachren et al. 1999; Miller and
Han 2001; Openshaw and Rao 1995; and Ehlschlaeger et al. 1997). Tukey (1977),
Chambers (1983) and Cleveland (1994), just to name a few, have introduced statistical
plotting methods to present complex data (e.g., with large number of records or in high
dimensions) and associated correlations. Maps can display error information in a layer
that can be turned on and off using the toggle technique and a slider bar can be used to
adjust the threshold of uncertainty to alert readers (Evans 1997a; MacEachren 1993). The
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conditioned choropleth map is a mapping template for exploring the potential association
between multiple variables by partitioning values of a dependent variable into subsets
with the control on the values of two conditioning variables (Carr et al. 2005). Slider bars
were used to control class break values of two conditioning variables and maps are
updated simultaneously according to any change on class breaks. GeoViz toolkit, which
integrates various statistical plots and maps, was also developed for exploring relations
among multiple variables (Gahegan 2002). Data brushing, which was first proposed by
Monmonier (1989), was used in GeoViz to help users recognize the connections between
multiple forms of information representation. Although no existing visual analytical tool
or system can be directly adopted for our study, some of these concepts and components
(e.g., slider bar and data brushing) can be used to develop our proposed systems.
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CHAPTER THREE APPROACHES TO HANDLE ERROR IN SPATIAL DATA

Due to the unreliability of estimates, estimates in different classes may not be
statistically different in a choropleth map, therefore a map classification may not reveal
reliable spatial patterns (refers to Chapter 2.2.1). In order to obtain more reliable map
classes, errors in estimate have to be considered in the process of determining map
classes. In this chapter, I will first define a metric to measure the extent that values in
different map classes are significantly different and, furthermore, introduce the approach
to apply the metric in determining map classes. All methods are supported through visual
analytical tools which will be introduced at the end of this chapter.

3.1 Class Separability Metric Definition
As our objective is to determine classes such that values in different classes are
statistically different to the largest possible extents, we first need to determine how values
between classes are compared. Although the robustness measure proposed by Xiao et al.
(2007; refers to Chapter 2.2.2) evaluates the reliability of map classification, it only
operates under the premise that class breaks are provided, and thus their measure is useful
for evaluating the overall performance of a classification schema. In contrast, our
objective is to determine the confidence levels of the statistical differences between
values in any two classes. Therefore, rather than using a single measure for the entire
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classification, a measure that reflects the statistical difference between estimates on two
sides of a class break is needed. We label such a measure the class separability measure.
While such a measure may be formulated in many possible ways, our formulation
starts from the basic notion of determining if the difference between any two estimates is
statistically significant. In a survey context, we consider attribute value of each
observation to be the mean (marked as estimate) of population values inferred from a
sample. We assume that for each estimate, its standard error (SE) or alternative forms
(e.g. margin of error, MOE) is provided. Although SE mainly reflects the variability of an
estimate attributable to sampling error, SE may also account for other errors (e.g. nonsampling error) inevitably occurred in the survey process. The variability of estimate is
assumed to conform to a normal distribution. Then, for estimates from each pair of
enumeration units, we ask the question: could the respective samples have come from the
same population? Typically, this question can be answered by testing if the estimates
from the two samples are different or not. If they are not statistically different at a given
significance level (such as 0.05), then the samples providing the means (estimates) for the
two enumeration units may belong to a single population and the estimates from the two
enumeration units should not be assigned to different classes.
Formally, we define the confidence level
estimates of two enumeration units i and j as:
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of difference associated with the

Equation 1 Confidence level of difference between two estimates

| ̅
(

√

where | ̅

̅|
)

̅ | is the absolute difference between the estimates (or mean values)

of the two enumeration units i and j, and

and

are the standard errors of the

estimates graphically represented by the spreads of the two probability density functions
(PDFs) in Figure 5 (upper). Equation 1 is derived from the standard z-test for comparing
two means, assuming that the variances of the two groups are unequal and the sample
distribution is close to normal. The expression in parentheses (i.e., z-test) returns the zscore (say Zs) of the difference in observed means with respect to the normal distribution,
and

is the function returning the probability of having a z-value of Zs. This probability

is our CL for the two units i and j that their respective estimates are different. This CL is
essentially equal to the area for the acceptance region under the standard normal
distribution of Z (the shaded area in Figure 5 lower).
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Figure 5 Overlapping probability density functions of two means (or estimates) associated with two map
enumeration units (upper) and the confidence level (CL) represented by the shaded area under the standard
normal distribution for a z-score less than absolute Zs (lower).

The CL will also depend on the probability density functions (PDFs) of the
estimates and their overlaps (Figure 5 upper). The curve of a PDF always extends to the
two sides of the mean value and approaches to zero. Theoretically, two curves
corresponding to two estimates will overlap, regardless of how different the two
estimates are, and so there is a non-zero probability that the two samples actually come
from a single population. Confidence level of difference is higher when overlap is less,
which occurs when the SE of each PDF is smaller and/or when the centers of the two
PDFs (i.e., the estimates) are further apart. In contrast, confidence level of difference is
lower when the overlap is larger.
The above illustration considers only two estimates, but in practice multiple
estimates are involved. Figure 6 shows a possible situation with multiple estimates with
different error distributions, assigned to three classes. Ideally, we would like to be highly
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confident that each estimate assigned to a class is statistically different from estimates in
other classes. To determine how effective a class break is in forming differentiable
groups, we have to compare all possible pairs of values. For each possible pair, a CL of
statistical difference can be derived to indicate the separability between the estimate pair.
Thus, we define the separability

between two classes X and Y as the minimum of the

confidence levels among all pairwise combinations of individuals from each class:

Equation 2 Class Separability (i.e. confidence level of difference) between two classes

(

)

For example, in Figure 6, to calculate the class separability

between Class B

and Class C, it is necessary to compute the CL between estimates X3 and X4 and the one
between estimates X3 and X5. The overlap between the PDFs of the two adjacent
estimates X3 and X4 is smaller than the overlap between estimates X3 and X5 because X5
has relatively large error. That is to say that the CL between X3 and X5 is lower than that
between the two adjacent estimates X3 and X4. Therefore, the separability between Class
B and Class C is the CL between the non-sequential estimate pair of X3 and X5.
Similarly, the separability between Class A and Class B is equal to the CL between X2
and X3, since this pair of estimates has the largest overlap (i.e., the lowest CL).
Coincidentally, estimates X2 and X3 are a pair of sequential estimates this time.
Therefore, to ensure that separability between classes are correctly determined, it is
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necessary to check all pairs of enumeration units (both sequential and non-sequential) on
the opposite sides of a class break and identify the pair with the lowest CL.

Figure 6 A sequence of estimates classified into three classes to demonstrate how to the separability between
classes is determined. )

In the above example, both Classes A-B and Classes B-C are consecutive classes.
However, our definition of class separability in equation 2 can be applied to any two
classes, consecutive or non-consecutive. Using Figure 6 again, to identify the separability
between the two non-consecutive Class A and C, the minimum CL should be determined
by comparing all relevant estimate pairs, X1 and X4, X1 and X5, X2 and X4, and X2 and
X5.
Note that the definition of "separability between two classes" is explicitly
calculated by comparing the estimates falling into the two classes. The calculation could
be slightly different for the "separability of a class break", which measures the confidence
about how a class break can separate estimates on its two sides. Accordingly, the
comparison should be performed on all observations on both sides of the class break.
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Ideally, the observations far from the class break should have higher CL of difference as
compared to those close to the break. However, with large error, observations far apart
from each other may still have low CLs of difference than the ones close to each other.
Since the "separability of a class break" takes all observations into account, it is, thus,
more conservative than the "separability between classes" which only compares the
observations within the specific classes. Both terms may be used in the content of this
dissertation.

3.2 Steps in Computing Class Separability
Based on the above definition of class separability, we developed a three-step
procedure to calculate this measure (Figure 7).

Figure 7 Three computational steps of calculating class separability associated with a class break

Step1: Calculate Zs using two-tailed z-test for a pair of enumeration units i and j
with Equation 3 which is extracted from the part inside the parentheses in Equation 1.
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Equation 3 Zs using two-tailed z-test

| ̅

̅|

√

Step2: Derive the probability of having a z-value larger than Zs and the
associated CLij.
As CLi,j is essentially the area of the acceptance region under the standard normal
distribution curve of Z, calculating CLi,j can be transformed into calculating the
probability of having a z value between -ZS and ZS (i.e., {

}). Cumulative

distribution function (CDF), which describes the probability of estimate falling within the
, is used to calculate {

range

is transformed into {

}

{

}. To utilize CDF, {

}

}. Therefore, CLi,j can be calculated through

Equation 4.

Equation 4 Computational approach of the confidence level of difference between two estimates

{

where {

}

{

} and {

}

} are the cumulative probabilities of having a z

value equal and less than ZS and -ZS, respectively.
In addition, since two PDF curves of any observation pair must have a non-zero
overlapping probability, the above comparison between enumeration units i and j will be
performed for all value pairs. In essence, if we have n estimates, we need to fill an n-by-n
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matrix with their corresponding CL values. Obviously, the elements along the major
diagonal need not be filled or computed. Due to the symmetrical structure, only the upper
triangle of the matrix is needed. According to the matrix example (Table 1, for selected
counties in the state of New Jersey), the CL of the difference between the estimates of
Salem and Atlantic counties is 0.51. Note that the 1.00 CLs for selected pairs were due to
rounding of the decimals.

Table 1 Example of CL matrix

Cumberland Atlantic Passaic
Cumberland 0.00
1.00
1.00
Atlantic
0.00
0.12
Passaic
0.00
Salem
Camden
Ocean
Gloucester

Salem
1.00
0.51
0.48
0.00

Camden
1.00
1.00
1.00
0.96
0.00

Ocean
1.00
1.00
1.00
0.98
0.20
0.00

Gloucester
1.00
1.00
1.00
0.99
0.71
0.63
0.00

Step 3: Calculate class separability
The algorithm for calculating the separability between class A and class B is
described by the pseudo-code in Box 1 based upon Equation 2 that the separability is the
minimum CL among all possible value pairs between the two classes.

Box 1 Algorithm of calculating the separability between class A and class B

sort all estimates in ascending order
Set xa1 as the smallest estimate in Class A
Set xa2 as the largest estimate in Class A
Set xb1 as the smallest estimate in Class B
Set xb2 as the largest estimate in Class B
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Set xm as an estimate in Class A
Set xn as an estimate in Class B
set CLmin = 1
for each estimate xa1 <= xm <= xa2
for each estimate xb1 <= xn <= xb2
search CLm,n from CL matrix if available
if CLm,n < CLmin then
set CLmin = CLm,n
end if
end for
end for
set separability = CLmin

3.3 Using the Class Separability Metric in Choropleth Mapping
3.3.1 Evaluating Classification Reliability
Errors in estimates are always ignored in choropleth mapping with conventional
classification methods. However, since the knowledge of uncertainty can lead map
readers to avert potential misunderstanding of spatial pattern presented by only
considering estimates, it is important to evaluate uncertainty in the resultant map (Hope
and Hunter 2007). Using class separability metric (Equation 2), we can evaluate the
separability level for each class break determined by conventional classification methods.
Meanwhile, the evaluation results should be delivered to map readers through some
elements accompanied with the map of estimates. Since the separability level is
associated with each class break, it is logical to attach this metric of class separability to
the break values, which are shown on the legend.
To include the estimate and reliability information in the legend, the design of
legend can adopt a bivariate legend template which has been used by cartographers (e.g.
Pickle, et al. 1996). Traditionally, ranges of class values are shown on the right next to
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the color pallets in the bivariate legend. A logical approach to indicate the separability
levels is to show the separability levels (or CLs) on the left of the color pallet, but
between the two color boxes corresponding to the breaks (Figure 8).

Figure 8 Design of a bivariate legend for displaying class separability

To understand the reliability information shown on the proposed legend requires
map readers to have a basic understanding about the concept of class separability. Take
the legend shown in Figure 7 as an example, the separability value between the second
and third classes can be interpreted as the following: observations in the first and second
classes are different statistically from the observations in the third, fourth and fifth classes
at least 55.56 percent of the time.
3.3.2 Determining Class Breaks with Maximum Separability
In addition to evaluating the effectiveness of a class break in separating
observations into different classes, the separability measure can also be used to determine
class breaks that offer the highest levels of separability. Ideally, class breaks should be
inserted between estimates with the highest CLs. Graphically, they correspond to the
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locations with the least overlaps between PDFs. We name this classification method as
“class separability”.
Assuming n enumeration units in the data, separability levels can be computed for
all n-1 potential class breaks, which are essentially between every pair of adjacent
estimates. The separability level of each class break can be obtained by comparing all
pairs of individuals on the opposite sides of that potential class break. Then desirable
class breaks and classes can be determined based on these separability values.
To produce a classification scheme with k classes (or k-1 class breaks), the n-1
separability values are sorted from highest to lowest, and the first k-1 potential class
breaks will be used. Or, when class number k is unknown, class breaks can be determined
by examining if their corresponding separability levels are higher than a minimum
separability that the map maker can accept. Box 2 provides the pseudo-code that
describes the algorithm to determine class breaks with the objective to maximize
separability between classes.

Box 2 Algorithm to determine class breaks with maximum separability levels

Given n-1 potential class breaks which are always between two consecutive estimates
Calculate separability for all potential class breaks
Sort separability values (CLs) in descending order
a. Determining class breaks with a certain number of classes (k)
for CL0 to CLk-1
retrieve the corresponding estimate pair xi and xj
insert a class breaks between the pair
end for
b. Selecting class breaks according to a minimum acceptable CL (CLaccept)
Set CLaccept
for CL0 to CLn-1
if CL >= CLaccept then
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retrieve the corresponding estimate pair xi and xj
insert a class breaks between the pair
else
exit for
end if
end for
return the class number k

One may argue that the objective of determining k classes given n values could be
achieved by traditional clustering methods, such as k-mean clustering. However, most
traditional clustering methods cannot take into account the reliability information of the
values, which is critical in the current research context. Thus, a new method for
choropleth map classification and to determine class breaks is needed.
The proposed process of selecting class breaks with sequentially lower CLs may
result in a conundrum: as the number of classes increases, remaining class breaks are less
and less separable. As Xiao et al. (2007) pointed out, fewer classes provide more robust
classification while more classes produces less robust classification. An inherent trade-off
between the class number and the separability levels between classes is apparent.
Cartographers may choose to have fewer but highly separable classes, or more but less
separable classes.
Another issue related to determining class breaks refers to calculating the actual
values of class breaks. Break values can be selected from several options. Usually, a class
break can be equal to the lowest value of the upper class, the highest value of the lower
class or their average (Slocum et al. 2003). The actual break values mainly depend on
how map makers want to show the ranges of classes. However, unlike the conventional
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mapping practices without considering data reliability, values of class breaks in this study
are crucial because, sometimes, they affect the evaluation results on the reliability of
classification. However, the separability measurement we proposed is not affected by the
exact class break values, because the measurement is only related to the sizes of
overlapping areas between the PDFs of estimates (refers to Chapter 3.1). But the
robustness measure proposed by Xiao, et al. (2007) evaluates the probability of an
observations falling into a class, and therefore the reliability of classes measured by
robustness may vary according to the actual break values (or the ranges of classes).
Therefore, we need to determine the precise break values so that the probabilities
that observations fall into their correct classes are maximized for all. To illustrate where
to find these break values, we assume two potential class breaks could be placed between
the estimates of Units i and j (Figure 9 upper). While Break point 1 was placed on the
intersection between the PDFs of the two estimates, the value of Break point 2 is selected
randomly. If we choose Break point 2, the probability for Unit i to be assigned to the
correct class will be smaller than choosing Break point 1, while the probability for Unit j
will be just the opposite. Choosing a value to the right of Break point 1 will have similar,
but opposite results. However, no matter choosing a value to the left or the right of Break
point 1, the probabilities for Unit i and j to be assigned to the correct class must be
smaller than the total probability of choosing Break point 1. Graphically, area indicated
by slash lines corresponds to the total probability for Unit i and j not falling into their
assigned classes and this area is always smaller than the area indicated by light grey
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(Figure 9 upper). Therefore, choosing Break point 1 is likely “optimal” since it
maximizes the probabilities of assigning to the correct classes.

Figure 9 Possible values for a class break between two estimates of enumeration units i and j (upper: area with
slash lines is determined by the Break value 1, and the area colored by light grey is associated with Break value
2; lower: v0 is the intersection of the PDFs of the two estimates.)

Computationally, searching the intersection point is an iterative process by
continuously testing a potential break value until the probabilities of that values
calculated from both PDFs are the same (Box 3), i.e., fi(x0) = fj(x0) (or in fact, the two
probabilities are close with a difference smaller than a very small threshold). Note that, fi
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and fj are the respective PDFs of the estimates for Units i and j. We start the search from
the known values (the two estimates). By setting the two variables x1 and x2 to the two
estimates of Units i and j, then the potential break value xm is the average of x1 and x2. If
the probability fi(xm) is larger than the probability fj(xm), xm is on the left side of x0. As a
result, xm is set to x1. On the contrary, if the probability fi(xm) is less than the probability
fj(xm), xm is on the right side of x0, and then xm is set to x2. By repeatedly reassigning x1
and x2, according to the steps above, xm will approach the value of intersection point x0.
When the difference between fi(xm) and fj(xm) is smaller than a very small threshold
value, the iteration will stop. The value of the class break for units i and j is equal to xm at
the end of the iteration.

Box 3 Algorithm of calculating class break values

initial x1 and x2
xm =(x1+x2)/2
while not fi(xm) and fj(xm) approximate the same
if fi(xm)> fj(xm) then
x1=xm
else if fi(xm)<fj(xm) then
x2=xm
record xm
xm =(x1+x2)/2
end while

3.3.3 Heuristic Mapping
As maximizing separability does not give rooms to accommodate other
classification criteria, mapping using the class separability method may produce
undesirable classification results. For example, in the situation in Figure 9, three classes
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were made by inserting two class breaks between the first and the second observations
and between the second and the third observations because the two breaks have the
highest separability levels (Figure 10). As a result, two classes were created with single
observation and a relatively large number of remaining observations fell into one class.
Such a highly unbalanced classification is always undesirable. A more desirable map may
be produced by considering additional classification criteria (e.g. the number of classes,
the variation of estimates in the same class and the approximately equal numbers of
observation across classes), although adopting additional criteria may result in lower
class separability levels. Since there is no standards for either how reliable a classification
should be or how other criteria should be considered, the most preferred mapping result
may be a compromise produced by considering multiple objectives and selecting a
classification schema that performs reasonably well on multiple criteria. Therefore, we
propose a mapping procedure that can allow map makers to take class separability and
other choropleth mapping criteria into account at the same time.

Figure 10 A highly unbalanced classification
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Several criteria considered by conventional choropleth map classification methods
may be used together with class separability to guide the choice of the most preferred
classification.
1) Number of classes
Most of the time, the number of classes is determined by map makers arbitrarily,
although there are some basic principles in determining the number of classes. Any map
classification must have at least two classes, but two classes are definitely not typical in a
chorolpeth map, unless it is a binary map. According to the suggestion from Brewer and
Suchuan (2001), more than nine classes would not be preferable. In addition, a small
dataset should not have too many classes to avoid having too few observations in some
classes. Tentatively, we constrain the average minimum number of observations in each
class to four, but the number can be adjusted by map makers. Accordingly, the largest
number of classes is equal to the total number of observations N divided by 4 if the
resultant number of classes is less than 9 (Equation 5).

Equation 5 Constraint on the number of classes

2) Classification robustness
Separability of the classification should be considered as a criterion. Different
from the class separability measure which shows the confidence that estimates between
classes are different (Equation 2), an indicator for the overall separability among all

48

classes is needed. We use the minimum separability among all classes. This is the most
conservative indicator. The indicator is labeled as classification robustness (Equation 6).

Equation 6 Classification robustness (i.e. minimum class separability)

where X and Y means any pair of neighboring classes divided by a class break,
and SX,Y is the separability level associated with that class break.
3) Evenness of observations across classes
Another concern in classification is the distribution of observations across classes.
We use evenness as a measure to evaluate the extent that observations are evenly
assigned across different classes. The situation that a class has very few observations
while another class has relatively large numbers of observations is not desirable (Slocum,
2003). The evenness measure is a version of standard deviation (Equation 7).

Equation 7 Evenness of observations assigned into different classes

∑
√

̅

where ni is the number of observations in class i, ̅ is the average number of
observations across all classes, and k is the number of classes. The conventional quantile
classification method has this criterion taken into account.
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4) Within-class variation (dispersion)
Within-class variation is a criterion used by the natural break (or optimal natural
break) method to ensure that observations with similar attribute values are assigned into
the same classes (Slocum et al. 2003). Similar to class separability, within-class variation
is measured for each class, and therefore we need an indicator for the overall
performance of the entire classification. Descriptive statistics, such as maximum or
average within-class variation among all classes could be used to summarize the overall
intra-class variation. To be conservative, we choose the maximum within-class variation
among all classes as the indicator and label the indicator as dispersion (Equation 8). The
measure is:

Equation 8 Dispersion (i.e. the maximum within-class variation among all classes)

∑
(√

where

̅

)

is the observation in one class, ̅ is the mean of observations in the class,

and n is the number of observations in the class.
Given the listed criteria and others in affecting classification, one approach to
reach the most desirable classification is to involve human intelligence, and produce
results heuristically by evaluating the trade-off among acceptable class separability levels
and other criteria. The trade-off evaluation is actually a process of conducting
experiments: evaluating several classification schemes with different numbers of classes
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and different class ranges, and selecting the scheme best suited the specific mapping
purpose (Monmonier 1972; Schultz 1961). Therefore, we designed the heuristic
experimental mapping procedure (Figure 11).

Figure 11 Major steps of heuristic mapping procedure

The heuristic mapping procedure begins with selecting an initial classification
method (e.g. Jenks natural breaks, quantile, equal interval or class separability). Using the
selected method, we make a classification with each of the reasonable numbers of
classes. If the number of classes ranges from two to nine for the data, then we can
generate eight possible classification schemes. The classification robustness and other
criteria are calculated for all these classification schemes. In fact, each of the
classification schemes is a combination of criterion values. Map makers should determine
the acceptable levels for all criteria according to the specific mapping purpose, and then
choose the ‘best’ classification scheme defined by the combined criteria meeting the
acceptance levels. The above heuristic mapping procedure is summarized by the pseudocode in Box 4.

Box 4 Pseudo-code for the heuristic mapping procedure

select initial classification method (by map maker)
calculate potential class numbers
for each class number
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determine class breaks based on the selected method
calculate the values for the other criteria
end for
evaluate trade-offs (by map maker) and determine the ‘best’ classification

Sometimes, multiple classification methods may be suitable for a specific
mapping purpose. For example, Jenks natural breaks and quantile are both the mapping
methods designed for detecting spatial patterns (Evans 1977b). Map makers can repeat
the above procedure to create possible classification schemes for the different methods
and compare all the schemes to determine the “best” classification.

3.4 Visual Analytical Tools Supporting Error-aware Mapping
Both mapping processes of maximizing class separability and the heuristic
mapping procedure involve the active participation of the map makers in evaluating the
trade-off relationship between separability and other relevant criteria. The trade-off
relationship may not be clear to the map makers at the beginning of the mapping process,
but the relationship will be exposed gradually through experimentation of different
classifications. Therefore, exploring the relationships between multiple criteria and
selecting the most desirable classification should proceed side by side (Tukey 1977). This
kind of heuristic process can be conducted within a visual analytical environment, which
includes information visualization tools, real-time computational capabilities and
interactive user operations (Kohonen et al. 2001).
To facilitate our proposed mapping approaches, we developed a set of visual
analytical tools (Figure 12). The toolset provides an intuitive way to explore the
underlying relationship among different mapping criteria and can implement all related
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calculations to render classification results instantly. The toolset mainly includes: 1) a
tool combining bar plot and slider bar for the mapping process of maximizing class
separability, 2) a star plot to support the heuristic mapping procedure, and 3) a graphic
window to render choropleth maps on the fly. Interactive operations are enabled to allow
map makers to make selections or any change easily. The changes of contents in different
visualization windows caused by interactive operations are synchronized in real time
(Figure 13).

Figure 12 Screenshot of the visual analytical toolset for error-aware mapping
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Figure 13 User interaction and linkages between different views

3.4.1 Bar plot – slider bar Mapping Tool
The bar plot-slider bar mapping tool is used to determine class breaks with the
objective to maximize class separability (Figure 14). This tool consists of three major
parts: 1) the bar plot to display the distribution of estimates and corresponding errors, 2)
the slider bar to determine the lowest acceptable separability level, and 3) the real-time
updated map to show the result of classification based on changes made on the bar plot
and slider.
On the bar plot estimates of all enumeration units are shown in ascending order by
vertical bars with an error bar on the top representing the error for each estimate. As
mentioned in section 3.1, if a higher CL is chosen as the acceptable level, fewer CLs are
larger than the acceptable level and fewer classes will be used. Conversely, if a lower CL
is chosen, more class breaks with lower CLs can be used. To support the evaluation of the
trade-off between class number and separability level interactively, the tool includes a
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slider bar such that the cursor can be dragged to a particular separability level. This is the
minimum separability among all class breaks that will be acceptable for the map
classification. Class breaks will be automatically calculated when map makers move the
cursor on the slider bar according to the algorithms (see Box 2 and Box 3), and placed (as
vertical lines) on the corresponding locations between enumeration units on the bar plot.
The height of the solid line corresponds to the actual break value and the dash portion is
drawn only for a better rendering effect. Colors of the break lines are associated with
different class separability levels, which are classified into five equal intervals with five
unique colors on the slider bar. Red color is used for the lowest level of separability
values with the purpose of warning about the low reliability of the respective classes.
Any changes made on the slider bar or bar plot will trigger an automatic update of the
resultant map in the map window. The separability values for class breaks are shown on
the proposed legend on the map. In addition, to support queries of individual observations
interactively, the bar plot and map support brushing operation.
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Figure 14 Screenshot of bar plot – slider mapping tool

3.4.2 Star plot Mapping tool
The proposed heuristic mapping procedure is facilitated through the tool
composed of star plots and the map window (Figure 15). The star plot depicts the tradeoff relationships between multiple criteria (Equation 5, Equation 6, Equation 7 and
Equation 8) considered for determining map classification. Each axis of the star plot
presents one selected criterion, while the number of axes depends on how many criteria
are considered during the classification process. Values of selected criteria are calculated
right after map makers chooses the initial classification method. All possible (and
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reasonable) values of selected criteria are enumerated and represented on the star plot.
Figure 15 (upper) shows two star plot examples, which include three and four
classification criteria being considered, respectively. In sequence, the vertical, left and
right axes of the three-axis star plot stand for the number of classes, classification
robustness, and dispersion.
All possible values of each criterion are shown along an axis. In general, except
the number of class, the most desirable values are at the periphery of the plot, and the
most undesirable values are at the center. The number of classes is arranged from the
center to the periphery in the order of two to nine. Possible combinations of different
options among the criteria (i.e., different classification schemes) are linked by lines to
form polygons. As the criteria have trade-off relationships, not the most desirable options
for all criteria can be chosen. For instance, a map cannot have relatively similar numbers
of observations in all classes and the highest classification robustness level (100%).
Graphically, the classification represented by a polygon with similar distances from the
geometry center to every edge has moderate performance on every criterion (e.g. the
triangle highlighted in cyan in Figure 15 upper).
To assist map makers to visualize classification schemes intuitively on the map,
data brushing technique is implemented to allow users to choose one classification
scheme by simply clicking the corresponding polygon on the star plot. Then the
choropleth map will be automatically generated based on that selected classification and
shown in the map window. By comparing different classification schemes on the star plot
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and associated choropleth maps side by side, map makers can decide the most preferred
map for their mapping purpose.

Figure 15 Screenshot of star plot mapping tool

In summary, this chapter described a separability metric for measuring the
significance of differences between map classes, the methods to use the metric in
choropleth mapping and the visual analytical tools for supporting the proposed
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choropleth mapping approaches which incorporate class separability. Making choropleth
maps with the proposed methods will be tested and evaluated in Chapter 5 using real
world data. In the next chapter, rather than handling attribute accuracy in the mapping
process, we will emphasize on reducing errors in estimates from the raw data to produce
more reliable data which can be used for more GIS processes, including spatial analysis.
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CHAPTER FOUR REDUCING ESTIMATE UNCERTAINTY BY SPATIAL
AGGREGATION

The reliability of results in mapping or spatial analysis highly relies on the quality
of raw data. Taken the proposed mapping approach of maximizing the separability
among classes as an example, if estimates have large error, producing highly separable
map classes is difficult. Even if class separability is maximized in determining class
breaks, separability levels between classes could still be very low. In other words, data
with large error are difficult to use. Therefore, reducing errors in estimates is needed to
make data more usable. As discussed in Chapter 2.3, variability of estimates can be
reduced if sample sizes increase, and spatial aggregation is a data manipulation method to
increase the reliability of estimates through merging areal units of relatively small sample
sizes together. Accordingly, we need to develop such a spatial aggregation procedure,
and the objective of spatial aggregation in this study is to create new areal units with
estimates of improved reliability.
While spatial aggregation reduces standard errors of estimates, it lowers the
spatial resolution of data and introduces bias to estimates of the aggregated units, as the
new estimates of the aggregated units are different from the original estimates. Thus, the
underlying spatial variation in the original data is changed. Data users need to realize the
cost of bias introduced to the estimates in addition to the cost of lowering spatial
resolution when they consider using spatial aggregation to reduce the error in data.
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Therefore, a possible constraint that can be included in the aggregation procedure is to
control the magnitude of bias that may introduce.
In order to minimize changing the spatial variation in the original data, we should
only aggregate enumeration units with a reliability level too low to be acceptable to the
data users. This condition separates our spatial aggregation procedure from most existing
spatial aggregation procedures, which usually involve changing the boundaries of most, if
not all enumeration units in the study areas (e.g. Openshaw 1983; Martin 2003; and Datta
et al. 2012). One of the primary tasks in developing the aggregation procedure is to
identify units that need to be aggregated. Similar to the developments of existing spatial
aggregation procedures, our proposed aggregation process also faces many challenges,
one of which is related to the MAUP: different combinations of areal units will produce
different results (Openshaw and Taylor 1979; Wong and Thomas 2004). Openshaw
(1983) strongly argued that the most appropriate response to this challenge is to design
purpose-specific (or application-specific) aggregation systems. However, the “best”
aggregation solution for the particular purpose may encounter complex trade-offs
between competing constraints or objectives (Martin 2003). Therefore, the second
primary task of this study is to develop a flexible procedure that can accommodate such
complex trade-offs in the evaluation process and incorporate the main objective of
reducing uncertainty in estimates.
Performing spatial aggregation based on the characteristics of one variable is
relatively simple, but the resultant data may not be too useful, as many spatial data
analytical procedures are multivariate in nature, such as detecting relationships among
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variables, or comparing changes over time. Therefore, data produced from spatial
aggregation for multiple variables should match to the same geography. The third
challenge of designing our aggregation procedure is to include more than one variable in
the spatial aggregation process. To overcome these challenges and fulfill the primary
tasks mentioned above, we propose a heuristic spatial aggregation procedure, which
integrates human inputs in the design of aggregated zones.

4.1 A Heuristic Aggregation Procedure
Assuming that at most two variables can be handled at the same time, we propose
a four-step aggregation procedure (Figure 16). Each step refers to one major task, and
each task includes some sub-processes.

Figure 16 Steps of spatial aggregation procedure for reducing the variability of estimate (Orange rectangles
refer to operations to be completed by data users)
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Step 1: Identify aggregation seeds
The procedure begins with identifying a set of observations with relatively large
errors that are not acceptable to data users. We need a metric to measure the level of
errors in estimates. Values of some error measures, such as SE and MOE, are influenced
by the absolute values of estimate. On the contrary, the coefficient of variation (CV,
Equation 9) is independent of the absolute value of an estimate. CV is defined as

Equation 9 Calculation of CV

where

is the estimate (or mean) and

refers to the standard error.

In order to compare errors among observations that may have dramatically
different estimates in the study area (e.g., income levels in midtown Manhattan versus
Harlem, both are on the island of Manhattan, NY), CV is chosen as the measure here.
Large CV implies that the estimate is not reliable and should not be used or be used with
great caution. As a result, spatial aggregation could be performed on those enumeration
units with such large CVs.
Data users can define an acceptable CV value as the threshold. Observations with
CV larger than the threshold should be merged with other units. These observations are
labeled as aggregation seeds. If aggregation is performed concurrently on two variables,
data users need to provide thresholds for both variables and seeds are determined by
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evaluating the CV levels of both variables. Seeds will be units having any one CV value
larger than its threshold (Equation 10).

Equation 10 Aggregation seed

{

}

For each aggregation seed, the next step is to search its neighboring units to
identify the candidates that could be used to merge with the seed.
Step 2: Identify aggregation candidates/options
There are many ways of merging neighboring units to a seed. Each way is labeled
as one option and the areal units in the option as candidates. An option may include a
single unit or multiple units. Areal units become to the candidates to be included in
aggregation option if 1) these units are contiguous to the aggregation seed; and 2)
merging these units and the seed can lower the CV of the new unit below the threshold
level set by data users. Accordingly, the objective function for searching aggregation
candidates is actually minimizing the error for the potential zone by merging the
contiguous units and the seed. In most existing procedures (e.g. Martin 2003), the
searching process stops when the objective function cannot be improved significantly any
more. In other words, spatial aggregation result should be close to optimal. Unlike those
procedures, we do not need to search for candidates to produce the minimum variability
of the new estimate, since such estimates with minimum variability may perform poorly
on the other criteria. Most data users usually can tolerate a certain level on error in the
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data and such acceptable error level is likely dependent on the particular application.
Accordingly, areal units may be considered as candidates to form an aggregation option
as long as the variability of new estimate is acceptable to the data user.
In addition, when units are merged, the variability of an estimate for the new unit
has to be estimated or approximated, but for the original estimates the variability is
derived with the original sample observations. The approximated estimate variability is
usually different from the one directly derived with original observations. King et al.
(2011) have tested such difference using ACS data. The results show that the difference
becomes significant when aggregation involves more than four units. Therefore, spatial
aggregation, for our purpose, should involve as fewer areal units as possible.
The algorithm searching for aggregation candidates/options is described in
pseudo-code in Box 5 and shown in Figure 17. The first order neighbors of the seed are
first considered to form the single-unit option. As long as we can identify options among
the first order neighbors, the search process will stop. We expect the number of
aggregation options being identified is more than two, so that data users can have
multiple choices of option when they exercise their intelligence in evaluating the tradeoffs among aggregation criteria. Consequently, if less than two single-unit options can be
identified, then the number of areal units (candidates) to be included in aggregation
option will increase to two (excluding the seed) and the process to search for option will
start again. The two-unit options could be formed by candidates within the first order
neighbors or by combining first and second order neighbors. The number of units
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involved in aggregation will keep on growing until the search process results in more
than one aggregation options.
In addition, when the aggregation is taken on two variables, errors of the new
units need to be compared with the corresponding thresholds for both variables. The
candidates to be merged with the seed must produce errors lower than the thresholds for
both variables. The differences of the searching algorithm between involving one or two
variables are displayed in Italic in Box 5.

Box 5 Algorithm of searching aggregation candidates and options

set unit with unacceptable CV as u (i.e. the seed) and option pool as lcdt (Note that,
option can only include units not being used before.)
generate a list (ln) of first order neighbors of u
for n in ln
group n (the candidate) with u as an option, calculate the potential new CV (CVnew)
if CVnew is smaller than CVaccepted (for both variables)
store the option in lcdt
end if
end for
while the size of lcdt is smaller than 2
copy lcdt as lcdt2 and clean lcdt
for each old option (c) in lcdt2
generate a list (ln) of first order neighborhoods for c
for n in ln
group n with c as an option, calculate new CV (CVnew)
if CVnew is smaller than CVaccepted (for both variables) and not contain used unit
store the candidate in lcdt
end if
end for
end for
end while
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Figure 17 Process of searching candidates and options for a seed

Step 3: Determine the “most preferable” aggregation option based on optional
criteria
After identifying the options, users should determine the ‘best’ option (i.e. a
combination of candidate units) to merge with the corresponding seed. Beside the two
default criteria (spatial contiguity and lower error in the new areal unit), data users may
include additional criteria that capture the spatial and attribute characteristics of
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enumeration units, such as the compactness of the new shape and attribute similarity, to
guide the final decision. Note that, measures for additional criteria have been calculated
for every option as soon as the option was identified. Users can consider the trade-offs
between the reliability of the aggregated estimates and additional criteria. By considering
these criteria, spatial aggregation may produce resultant data more suitable for the
particular application. However, whether including these criteria in the final step of
merging the candidate(s) with the seed is optional and dependent on the specific purpose
of using the aggregated data. Sometimes, a potential new unit with more reliable estimate
may score poorly on the other criteria. The “best” option is likely the one that has
acceptable variability for the new estimate and moderate values on the other constraining
criteria. In addition, when the aggregation involves two variables, the “best” option
should be the one which satisfies all selected criteria in both variables.
In this study, we offer three optional criteria, which have been widely used in
aggregation studies of socioeconomic data. They are the compactness of areal units,
thematic similarity and spatial hierarchy. Theoretically, optional criteria are not limited to
these three, but can be defined by data users according to the needs of their particular
purposes. We will explain these optional criteria in section 4.2. After determining the
“best” aggregation option for the current seed, steps 2 and 3 are repeated for each seed.
Step 4: Perform aggregation
After the “best” aggregation option is identified by the user for each seed, features
of all involved units are merged, while a new estimate and its associated error are derived
and stored in the attribute fields. However, the new areal unit, which is an aggregate of

68

smaller original units, cannot be labeled in the same way as in the original data any more.
Taking the census tract level data as an example, the new areal unit could not be labeled
as “census tract” any more, but “pseudo-census tract” is more appropriate.

4.2 Aggregation Criteria
As mentioned in section 4.1, two default criteria are used to constrain the search
for aggregation candidates and options, and several optional criteria can be used to guide
users to select the most preferable combination of units to be merged. Here, we explain
both the default and optional criteria in details.
1) Spatial contiguity (default)
As used by many previous studies, spatial contiguity is the fundamental criterion
for all spatial aggregation procedures (e.g. Ralphs and Ang 2009; Shirabe 2009; Horn
1995). This criterion requires that all areal units involved in the aggregation are either
adjacent or indirectly linked to the seed through other units involved in the merging
process. In this study, as merging contiguous polygons should create a relatively compact
new polygon, we use the rook’s contiguity which requires two polygons to share an edge,
not a point. In Figure 18, if unit 0 is an aggregation seed, polygons in dark grey are the
first-order neighbors and the second-order neighbors are highlighted with light grey.
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unit 0

Figure 18 First-order and second-order neighbors of unit 0

2) Variability of the estimate (default)
According to the objective of the proposed spatial aggregation procedure,
variability or error of the new estimate for the aggregated zone must be lower than the
user-defined threshold.
3) Compactness (optional)
Compactness is a measurement to describe the geometric shape of an areal unit.
This type of measures plays an important role in the context of using spatial data
(Vanegas et al. 2010). The derived new zone should have a relatively compact shape (a
circle is the most compact shape; Li et al. 2013). Compactness can be measured by the
ratio of area to perimeter (Equation 11) (Frolov 1975; MacEachren 1985; Wong 2003).
Higher value means that the geometric shape is more compact.
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Equation 11 Calculation of shape compactness

4) Thematic similarity (optional)
Thematic similarity refers to the similarity among estimates. Spatial aggregation
is actually a process of smoothing the spatial variation among attribute values. To avoid
smoothing the variation too much due to aggregation, the merged zone should comprise
of units with high local spatial autocorrelation (Guo et al. 2001). For example, in the task
of aggregating areal units with different levels of household income, it would be
preferable to merge the units with similar income levels rather than merging the units
with extremely high and low income levels together. Or merging areas dominated by
people speaking Indonesian with areas of people speaking Malay is better than merging
with the areas of people speaking French when the data are used to study the distribution
of world’s language, since both Indonesian and Malay belong to the Austronesian
language.
Instead of simply taking the difference between the attribute values, t-test can be
used to examine if the attribute values are significantly different before their
corresponding units are merged. Formally, t-value is the part inside the bracket of
Equation 12, and will return the t-statistic of the difference between estimates. Then the
function returns the probability that the estimates of two areal units are different.
Accordingly, 1 minus this probability gives the probability that the two areal units are not
statistically different (i.e. similarity). Similarity should be evaluated for all pairs of
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candidate estimates involved in the aggregation option (including the seed), and the
average of all similarity values is the value for the thematic similarity criterion.

Equation 12 Calculation of thematic similarity

| ̅
(

√

̅|
)

5) Spatial hierarchy
Any areal unit should be a member of one or more administrative, political or
statistical system. To determine if an areal unit should be a candidate for a seed, their
memberships in these systems should be considered. For example, a census tract is more
reasonable to be merged with other tracts within the same county than with tracts in
another county. Thus, both the candidate(s) and the seed belonging to the same unit in the
upper hierarchy of a system would be preferable. The boundary of the unit in the upper
level of the geographical hierarchy is labeled as the constraining polygon/boundary.
Instead of using a simple binary yes-no variable to determine if areal units are
within the same constraining polygon of an upper hierarchical level of the spatial system,
we define the ‘intersection ratio’ to evaluate the spatial relationship between the
candidate units, the seed and the polygon in which they share the membership. Given that
an aggregated zone is formed by merging candidate(s)and the seed, the intersection ratio,
then is the ratio of the area that the new unit falling within the constraining polygon to the
total area of the new unit (Equation 13).

72

Spatial intersection analysis is performed to obtain the subarea of the new unit
falling inside the constraining polygon. If the spatial intersection analysis is based on the
9-intersection model (Clementini 1993), the possible value calculated from Equation 13
ranges from 0 to 1. Value 1 means the new unit and the constraining polygon overlap
perfectly. On the other hand, value 0 reflects the situation that the new unit is completely
within the constraining polygon. Therefore, both the value 0 and 1 indicate all candidate
units and the seed are within the same constraining polygon, and this is desirable. If some
candidate units in the option are not completely within the constraining polygon, then the
equation returns a value between 0 and 1. To make the values easier to explain, we can
replace value 0 with 1, so that larger value is more desirable for this criterion.

Equation 13 Calculation of intersection ratio (spatial hierarchy)

6) Aggregation bias
In order to avoid introducing significant aggregation bias, i.e. the difference
between the values in the original areal units and the aggregated areal unit, an optional
criterion can be used to evaluate the bias. Aggregation bias can be calculated by
comparing the new estimate to all the original estimates which were used to derive the
estimate of new areal unit, and then summing up all the differences (Equation 14).
Theoretically, bias should be minimized, but data users can set their own thresholds
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above which the bias is not acceptable and then aggregation should not proceed. Clearly,
these threshold values are dependent upon particular cases.

Equation 14 Calculation of aggregation bias

∑
Where

is the estimate of the merged areal unit generated from aggregation,

is the estimate of the original areal unit i which was merged with the seed to generate
the new areal unit.

4.3 Calculation on Derived Estimate and Variation
New estimate and associated variability or error of the new unit have to be
determined, but their calculations depend on the types of measurement, such as counts
(e.g. population size), ratios (e.g. ratio of females living alone to males living alone), and
percentages (e.g. proportion of single person households that are female). The U.S.
Census Bureau has documented how the estimate and error can be derived (U.S. Census
Bureau 2008). For example, the estimated count of the new unit is the sum of the counts
of all units to be merged, and the new error (measured either by the margin of error or
standard error) is calculated using Equation 15 (U.S. Census Bureau 2008). More
calculation methods need to be developed for the measurements like median.

Equation 15 Calculation of the estimate and error for the new unit

√∑
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√∑
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where MOEi and SEi are the margin of error and standard error, respectively, of
the ith unit to be merged. As already mentioned in Chapter 4.1, the new MOE is just an
estimate, not the accurate MOE as if calculated from all the sample observations.

4.4 Visual Analytical Tools Supporting the Heuristic Aggregation
Procedure
Similar to the mapping approaches discussed in chapter 3.3, the proposed
aggregation procedure is also characterized as a heuristic process. Heuristic is preferable
because the procedure: 1) involves multiple criteria which impose constraints on both the
spatial and attribute characteristics of the aggregation outputs, and 2) requires human
intelligence to evaluate the trade-off relationships among multiple criteria and determine
the ‘most appropriate’ aggregation solutions. To facilitate the execution of the heuristic
aggregation procedure, we also developed a set of visual analytical tools (Figure 19). The
toolset has four major components and each of them is used to support one or more
step(s) involving human intelligence in the proposed aggregation procedure (Figure 20).
The toolset consists of: 1) a scatter plot by which data users can set the threshold(s) for
the acceptable error level(s) (aggregation step 1); 2) a parallel plot which presents all
aggregation candidate(s) for one seed (the searching result in step 2) and measures of
selected aggregation criteria so that users can execute step 3- evaluating the trade-offs
between the criteria; 3) a console panel which supports users to work through all
aggregation seeds and repeat step 2 and step 3 to determine the “best” aggregation option
for every seed; and 4) a set of map windows to present the spatial information to facilitate
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the trade-off evaluation. All these tools are linked together so that the information on
display is updated synchronically.

Figure 19 Screenshot of the visual analytical toolset supporting the proposed spatial aggregation procedure
(upper left: map windows; upper right: console listing all seeds and candidates; lower left: scatter plot for
identifying aggregation seeds; and lower right: parallel plot supporting the selection of best option)

76

Figure 20 Workflow of executing aggregation procedure and the corresponding supporting tools

4.4.1 Scatterplot View
For users to choose the CV threshold(s), we designed an interactive scatterplot
display (Figure 21). If the aggregation is performed on only one variable, all CV values
are sorted and display along the horizontal axis. The vertical axis is added to show the
CV values of the second variable and their relationships with the first variable if two
variables are involved in the aggregation. A zoom-in window is provided to magnify the
area with clustered points. The vertical blue line marks the threshold of acceptable error
level for the first variable on the horizontal axis, and the horizontal blue line marks the
threshold of acceptable error level for the second variable on the vertical axis. By
dragging the two threshold lines with the pointer device, users select the lowest CV
values that they can accept. After setting the CV thresholds, units on the right of the
vertical threshold line are identified as the seeds for aggregation when the aggregation is
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taken only on one variable. When two variables are involved, all units found in the upper
left, upper right and lower right quadrants (colored in orange) are the seeds for
aggregation, because these units have at least one CV value larger than the corresponding
threshold. Alternatively, user could just type in the threshold value(s). The geometry id
and CV information of the seeds will be updated in the console panel.

Figure 21 Screenshot of the scatter plot view

4.4.2 Console Panel
A component of the toolset is the console panel, which consists of a table, a series
of functions that enable interactive manipulations on the table, and a command button to
perform aggregation (Figure 22). The table provides an overview of information about
the seeds and associated “most preferable” aggregation options. As soon as users
determine the CV threshold(s), seeds for aggregation are identified and displayed on the
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table. Seeds are sorted in descending order according to the CV values of all involved
variables. Regardless of which variable, seed with the larger CV values are listed first. In
the table, each row represents one seed and its related information. From the left to the
right, the columns are: 1) the feature id of the seed, 2) the CV of the seed or the
maximum CV of the seed if the aggregation involves two variables, 3) the new CV(s) of
the new unit for all involved variables, and 4) the feature id(s) of units in the “best”
option that will be aggregated with the seed.
The system automatically starts a new search of aggregation candidates/options
and calculates optional criteria as soon as the user selects a row (seed) in the table. Note
that the user can determine the optional criteria they want to consider before the entire
aggregation procedure starts. Meanwhile, location of that seed will be highlighted on the
maps. As soon as the user determines the “best” option for the current seed according to
the trade-off relationship in the parallel plot (to be discussed below), information
including the feature id(s) of units to be aggregated and the CV of the potential new zone
will be automatically updated in the third and fourth columns in the table. After the user
finishes evaluating various options for all seeds and decides to commit the aggregation,
candidate units will be merged to their corresponding seeds to complete the aggregation
procedure.
Since selecting the best aggregation options incorporates human intelligence, the
user may not be satisfied with the initial choice of the “best” option for a seed. To reverse
the possibly “mistake”, the console panel supports a roll-back operation such that when
the user re-clicks a seed, the records about the “best” option for that seed, if exists, will
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be erased from the table. Another round of searching and selecting candidates will start
again.

Figure 22 Screenshot of the console panel

4.4.3 Parallel Plot View
Parallel plots have great potential to reveal underlying multivariate relationships.
We develop a parallel plot combining slider and filtering techniques to drive the complex
evaluation on the trade-offs between multiple criteria in the process of choosing the
“most preferable” option (Figure 23). Upon selecting a seed in the console panel, the user
actually triggers the process of searching candidates for the seed and computing measures
for all criteria for every candidate. The parallel plot is updated accordingly to display the
values of those criteria. Except the first axis which represents the derived CV of the
merged zone, the other axes are associated with the optional criteria and each axis
represents one criterion. Users select optional criteria to be considered in the evaluation
by checking the boxes on the top of the plot. Number of axes displayed on the parallel
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plot is adjustable according to the number of selected criteria. Values of criteria arrange
from left to right, reflecting desirable to undesirable conditions.
To indicate the trade-off relationships between different criteria, values for
different criteria associated with the same candidate are connected by line segments
(Figure 23 left). A polyline represents an aggregation candidate that scores on different
criteria. Colors of the polylines are used to distinguish different candidates. If aggregation
involves only one variable, every candidate corresponds to one polyline. When two
variables are involved, every candidate should have two sets of criteria values. We use
polylines of the same color but in different widths to distinguish the two sets of criteria
values associated with the same candidate.
To alleviate crowdedness in parallel plots with a large number of candidates or
lines, we add a slider with two cursors delimiting the minimum and maximum values of
every axis on the plot. By moving the cursors on the axis, users can control the value
range acceptable for that criterion. Candidates with criterion values outside the range will
be filtered out and colored in dark grey (Figure 23 right). Thus, users can narrow their
choices to the remaining candidates.
Data brushing and linking techniques are also implemented in this view.
Individual candidates can be highlighted on the plot, and corresponding criteria values
are shown underneath the plot to enable accurate comparisons (Figure 23). Maps are
updated highlighting the candidate areal units, so that users can consider the candidate
locations and the seed. After the user finishes evaluating various options and selects the
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preferable candidate, related information of the candidate (including geometry ids) will
be recorded in the console panel.

Figure 23 Screenshots for parallet plot view: (a) parallel plot presenting all candidates; (b) cursors were used to
narrow the ranges of the first three axes such that some candidates were grayed out

4.4.4 Map View
Maps are used to show the locations of areal units and spatial patterns of attributes
in the heuristic aggregation process (Figure 24). Maps are generated for both the
estimates and errors of involved variables, and are housed inside a scalable frame. Two
windows are in the frame, and each window corresponds to one variable. Each window
includes two map layers, the estimate (bottom layer) and the error (top layer). Users can
set the visibility of every layer through the check boxes. To see the bottom layer, the top
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layer has to be set as invisible. Moreover, users are allowed to minimize any window
(either the one on the left or right) in order to focus on the other one. Choropleth map is
used to display the spatial pattern of CV. Presenting estimates using a choropleth map
may not be meaningful due to large error in estimates, as estimates in different classes
may not be significantly different. An unclassified map with no clear class break values
might be more appropriate to avoid portraying the impression that estimates in different
classes are statistically different (Tobler 1973). Therefore, estimates are presented using
an unclassified map. Since maps are linked to all the other views in the toolset, areal
unit(s) will be synchronously highlighted on maps in response to any selection made in
other views.

Figure 24 Screenshot of the map view (in the map view example, left frame displays the unclassified map of the
estimate of the variable 1, and the right frame displays the choropleth map of the error of the variable 2)

In summary, a heuristic and flexible aggregation procedure with user inputs in
determining the best merging configuration based on the constraints from multiple
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criteria provides a possible solution to reduce error and produce data with more usable
estimates. I described the procedure of performing such aggregation on one or two
variables and the supporting visual analytical tools in this chapter. Data with large errors
in estimates will be used to test the proposed aggregation procedure in the next chapter.
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CHAPTER FIVE DEMONSTRATING THE PROPOSED MAPPING AND
AGGREGATION METHODS

As error should be considered in choropleth mapping, Chapter 3 proposed a class
separability measure and two map classification methods: maximizing class separability
and considering separability and other criteria through a heuristic process. In this chapter,
I will demonstrate the proposed mapping methods, and evaluate their effectiveness and
deficiencies. On the other hand, aggregation was proposed as a possible way to improve
data quality by creating new estimates with smaller errors. I will perform the proposed
aggregation procedure (see Chapter 4), and then compare the resultant data with the
original ones to detect the magnitudes of changes in estimates and errors through
aggregation. Theoretically, all proposed approaches should be applicable to many
datasets which provide error information (measured by MOE, SE or CV) for each
estimate. Considering the popularity and importance, data from ACS and the national
mortality data were chosen for the demonstrations.

5.1 Data to Be Used in the Demonstrations
5.1.1 The American Community Survey (ACS) Data
The ACS is a continuous measurement program administered by the Census
Bureau as the substitute of the long form for the decennial censuses on 2000 and earlier.
Unlike the decennial census which is conducted every ten years, the ACS questionnaire is
mailed to approximately 250,000 household addresses across selected counties in the
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U.S. every month. Over the year, the total sample size is about 3 million addresses, which
is about 2.3 percent of the total 129.5 million household addresses in the U.S. in 2005.
While this sample is relative large as compared to major national surveys, it is still small
as compared to the approximately 18 million addresses (or one-sixth of total household
addresses) which received the census long form in 2000. The uncertainty of estimates can
thus be an issue in the analysis using ACS data (MacDonald 2006). Simple absolute
differences between estimates may not be regarded as real differences because estimates
are just means from sample observations. Therefore, when analyzing the spatial
relationships or spatial distributions of ACS estimates, one should consider to what extent
the differences among estimates are real and observations assigned to different map
classes have different estimates to ensure the authenticity of derived information
presented by the choropleth maps.
Due to the sampling scheme specific to ACS, Census Bureau categorizes ACS
products by the length of period from which estimates are derived. The one-year
estimates have been released to the public since 2006, and the first set of three-year
estimates was released in 2008 while the first set of five-year estimates in 2010.
Estimates are available for administrative and statistical units from census block group up
to the nation. The Census Bureau provides one-year estimates only for counties or larger
administrative units with at least 65,000 people. In the three-year data products, the
smallest reporting areas, census tract, need to meet the minimum threshold of 20,000
people. The geographical units of the five-year estimates are as small as census block
groups. Therefore, choosing which data product is partly dependent upon the census
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statistical or administrative units to be mapped or analyzed. The use of ACS data is likely
to increase tremendously as they replace the long form, providing the only source of
socioeconomic data of the population in the U.S. Therefore, we choose ACS as one of the
data sources for the demonstrations below. In ACS, MOEs are provided in a column
following each column of estimates of a variable in every available table.
5.1.2 National Mortality Data
The U.S. mortality data are collected and maintained by the National Center for
Health Statistics (NCHS) starting as early as 1961 (The United Nations 2004). The data
are one of the few sources that describe the proportion of deaths and the cause of death in
a population over a period of time for small geographic areas. Public users may access
the mortality datasets through the Surveillance, Epidemiology, and End Results (SEER)
Data Management System3.
The mortality data cover the entire U.S. population. Deaths attributable to various
causes are gathered by states. The sample size of mortality data is equivalent to the
response rate. The sample size/response rate varies by geographical regions and mortality
topics (such as infant deaths or death in the other age groups). Till 2007, over 2.4 million
deaths have been reported in the U.S.
In the SEER system, mortality data include the data for the period from 1969 to
2011. Health Service Areas (HSAs) are one of the basic units used to report estimates of
mortality data. HSAs were originally defined by NCHS and each consists of a single
county or a cluster of contiguous counties, which is “relatively self-contained with

3

http://seer.cancer.gov/seerdms/
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respect to the provision of routine hospital care” (Makuc et al. 2001; Town et al. 2007).
Because error occurs during data collection, standard errors (SEs) are provided with
estimates in the database. Mortality data have been widely used in a variety of research
activities, such as determining life expectancy and disclosing mortality trends, etc. An
atlas was compiled to present the mortality and related information in the U.S. (Pickle et
al. 1996). Due to the easy access and frequent use, the mortality data were chosen as
another data for our demonstration below.

5.2 Evaluating Classification Methods
Four variables selected from ACS and SEER databases are used to demonstrate
the effectiveness of the proposed mapping methods. Selected descriptive statistics of
these four variables are reported in Table 1. To compare the reliability of estimates with a
wide range of values, the CV instead of SE/MOE should be used, as CV is the SE divided
by the estimate, removing the scale effect of the estimates. Note that since some CV
values for the four datasets are very small, we multiplied the CV values by 100 percent.
Among the four datasets, the U.S. county-level data of median household income have
the largest CV, implying that they are the least reliable. By contrast, the VA county-level
data of median household income and the U.S. mortality rate of white have the lowest
CV values, implying that the estimates of both variables are relatively reliable.
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Table 2 Summary statistics of the four variables: N = number of observations, MOE = margin of error, SE =
standard error, CV = coefficient of variation (in %), Min = minimum, Max = maximum, STD = standard
deviation (0 is rounded from some small non-zero value).

Data Sets
N
(1) Median
household income,
Iowa counties, 20062010 ACS
99
(2) Median
household income,
Virginia counties
2009-2011 ACS
134
(3) Median
household income,
U.S. counties, 20072011 ACS
3,109
(4) Mortality rate of
white (rate per
100,000 people),
U.S., 1969-2004,
SEER
798

Average Average
MOE
CV

Min
CV

Max
CV

STD
CV

46,437

2,571

343

94

954

148

55,168

3,441

4

1

10

2

45,110

2,893

419

26

4,400 305

988

12

1

0

3

Mean

0

5.2.1 Evaluating Conventional Classification Methods Using Separability
Measure
As proposed in Chapter 3.3.1, the class separability concept can be used to
evaluate how effective conventional classification methods can determine classes such
that estimates in different classes are really different statistically. Three popular
classification methods, Jenks natural breaks, equal interval, and quantile, are selected to
be evaluated. Map classes were determined using the three methods for three different
data sets (the county-level estimates of median household income for Iowa, Virginia and
the U.S). Figure 25 shows the maps and legends made using the Iowa county-level data.
In the natural-breaks map, the class break between the fifth and sixth classes has the
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highest separability level. The estimates on the two side of the break are statistically
different at 66 percent or higher confidence level (CL). However, the lowest separability
is associated with the class break between the third and fourth classes and only about 8
percent. Compared to the natural breaks methods, only one class break generated by the
equal interval method has the CL exceeding 30 percent, and the CLs of all class breaks
generated by quantile are lower than 10 percent. Table 2 reports the separability
levels/CLs and the averaged values by classification methods and datasets. While the
results clearly show that the quantile method performs the most poorly, results are
inconsistent whether natural breaks or equal interval is better. Also, these classification
methods can produce more separable classes when data (the Virginia county-level data)
contain relatively lower errors in estimates.
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Figure 25 Choropleth maps of Iowa county-level estimates of median household income made by traditional
classification methods (Top: Jenks natural breaks; Middle: Equal interval; and Bottom: Quantile).
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Table 3 Confidence levels associated with class breaks for the four classification methods, using the three
American Community Survey (ACS) datasets. (CS: class separability; NB: Jenks natural Breaks; EI: equal
interval; Q: quantile; percentages are rounded, and therefore 0% are actually less than one)

Median Household
Income of Iowa
Counties, 2006-2010
ACS: Approximated
Confidence Levels
(in %)
Breaks
between
Classes
1-2
2-3
3-4
4-5
5-6
Mean

Median Household
Income of Virginia
Counties, 2009-2011
ACS: Approximated
Confidence Levels (in %)

Median Household
Income of U.S.
Counties, 2007-2011
ACS:
Approximated
Confidence Levels
(in %)

CS

NB

EI

Q

CS

NB

EI

Q

CS

NB

EI

Q

47
46
66
63
99
64

37
9
8
46
66
33

1
7
11
5
63
17

9
7
7
1
4
6

92
88
100
100

30
32
30
92

20
23
92
100

32
24
17
8

62
70
69
97

1
1
3
5

1
2
12
36

0
0
0
2

95

46

59

20

75

2

12

1

The separability concept and the associated legend design provide statistical
meaning to class breaks such that map readers have a clearer idea about the extent that
enumeration units in different map classes have statistically different values. From a map
interpretation perspective, this information is important when map readers intend to
compare values across units to draw conclusions regarding the potential spatial patterns.
We can also evaluate the performance of different classification methods by
measuring their robustness. We build on the robustness concept suggested by Xiao et al.
(2007), but remove the requirement to specify a threshold probability. We define
robustness of each areal unit as the probability that it is classified correctly given the
error distribution for its estimate. For an estimate in a given class, its distribution (PDF)
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stretches across to other classes, as shown in Figure 2 (see Chapter 2.2.1). Area under the
PDF bounded by the class interval indicates the probability that the estimate is assigned
to a correct class (i.e. robustness). This probability should be relatively high for a robust
classification method and it can be determined for each estimate. To evaluate the
classification performance, we take the average robustness of all estimates.
The robustness levels of the three classification methods using the three datasets
are reported in Table 4. For comparison, the averaged separability levels (CLs) of all
classification methods are also included. Although these results evaluated by robustness
are not completely consistent with the evaluation using separability (Table 4), the
quantile method fares the worst according to both evaluation criteria. The natural breaks
and equal interval methods are quite similar in their performances, but the equal interval
method seems to have a small edge over the natural breaks method most of the time. To
some degree, these results are consistent with the evaluation performed by Xiao et al.
(2007) in which the quantile method had the worst performance in their state-level data.

Table 4 Comparing the performance of the four classification methods using the three American Community
Survey datasets based upon the averaged robustness measure in Xiao et al. (2007) and the proposed averaged
confidence level in percent. (CS: class separability; NB: Jenks natural breaks; EI: equal interval; Q: quantile)

Data Sets
Median household income,
Iowa counties, 2006-2010
ACS
Median household income,
Virginia counties 20092011 ACS

Performance
Measures
CS

NB

EI

Q

Robustness

0.89

0.60

0.64

0.51

Separability

64

33

17

6

Robustness

0.97

0.83

0.89

0.8

Separability

95.0

46.2

58.8

20.0

93

Median household income,
U.S. counties, 2007-2011
ACS

Robustness

0.98

0.8

0.88

0.72

Separability

75

2

12

1

5.2.2 Evaluating Maps Created by Maximizing Class Separability
In addition to evaluating classification methods, we can also determine classes
based on the separability levels between estimates to create the most separable classes. In
Chapter 3.3.2, I already presented the process of determining highly separable classes
supported by the proposed set of visual analytical tools (the bar plot and slider bar). Here,
real world datasets are used to show how the process and the toolset operate.
Figure 26, Figure 27, Figure 28 and Figure 29 present the process of determining
class breaks by maximizing separability using the Iowa county-level data. The process
involves evaluating the trade-off between the lowest acceptable separability level and the
largest number of class to be created. Since high separability/CL is more desirable, we
start the mapping process with a relative CL high value as the lowest separability level
that can be accepted. By moving the cursor on the slider bar to 80% as the lowest
acceptable level (i.e., estimates separated by the class break are statistically different at
80% confidence level), the data produced only two classes, which are probably not
enough for the data with 99 observations (Figure 26). Also, the resultant classification is
highly unbalanced with one observation in the higher class and all the other observations
in another class. To obtain more map classes, we have to lower the threshold of lowest
acceptable separability by moving the slider bar further to the left. If the lowest
separability level is down to 60%, then four classes are derived (Figure 27). Although the
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current number of classes is much more reasonable than the last trial, the classification is
still highly unbalanced. When the lowest separability level is decreased to 45%, six
classes are created, and seven classes emerge if decreasing the level to 40% (Figure 28
and Figure 29). Compared to six classes, the legend for seven classes is more difficult to
read. When increasing the number of classes from five to six, the resultant classification
is more balanced than before. A group of observations was separated out from the largest
group as a new class. However, when increasing the number of classes from six to seven,
the unbalancing situation was not improved further. Considering the ease of recognizing
classes, the imbalance of observations among classes and separability levels, we can
conclude that the six-class scheme is better than the five or seven-class schemes.
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Figure 26 Map generated by accepting the minimum separability as 80%
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Figure 27 Map generated by accepting the minimum separability as 60%
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Figure 28 Map generated by accepting the minimum separability as 45%
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Figure 29 Map generated by accepting the minimum separability as 40%

Therefore, in the Iowa example, we chose six classes, assuming that the user was
willing to accept a minimum separability level of approximately 45 percent (equal to the
level between the second and third classes from the top on the legend, Figure 4 lower).
The highest separability level approximates 99 percent, creating a class break between
the fifth and sixth classes. The second highest separability level is around 66 percent
creating another class break between the third and fourth classes. Subsequent class breaks
have successively lower separability levels. By interpreting the legend, one may say that
estimates divided by the last class break value are approximately 99 percent statistically
different, while values separated by the first break are only 47 percent statistically
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different. Because of the relatively high separability levels of the break between the two
highest classes, we have more confidence to say that counties with the highest values in
the south-central part of the state are different from their surrounding counties and the
rest of the state assigned to other classes. For those counties with medium values
scattered across the state, the chances that they are different from the counties in other
classes are much lower, only around 50 percent.
Besides the Iowa data used above, the Virginia and U.S. county-level data of
median household incomes are also examined through choropleth maps (Figure 30 and
Figure 31) using the class separability classification method. In the case of the U.S.
county-level data, even if we are willing to lower the separability to about 10 percent,
only eight class breaks could be determined with the highest separability level at only
about 24 percent. With such low separability levels for most of the observations, one
should consider if assigning observations to classes is meaningful at all, given that those
values are not different in statistical sense. In contrast, the five-class map of Virginia
county-level data has higher separability level associated to every class break. The lowest
separability of the break between the second and third class is as good as 88 percent.
Meanwhile, selected statistics of the two datasets (Table 2) show that the CV values of
the Virginia data range from 1 percent to 10 percent, but the CV values of the national
data range from 26 percent to 4,400. The U.S. county-level data have much larger errors
in their estimates than the Virginia data.
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Figure 30 Choropleth map of Virginia county-level estimates of median household income with classes
determined by maximizing separability

Figure 31 Choropleth map of National county-level estimates of median household income with classes
determined by maximizing separability

The results of mapping Virginia and the U.S. country-level data demonstrate that
the separability classification method is a data driven method. If estimates have relatively
large errors, then separability levels will generally be low. Nevertheless, the class
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separability method should be able to identify breaks with the highest possible
separability levels, given the number of desired classes. Cartographers have some control
over the trade-off between class separability levels and the number of classes. However,
the usefulness of such maps needs to be evaluated further involving map users-readers.
Moreover, in the case of mapping data with large error, should the separability method or
any classification method be used? The unclassed map with no clear class break values
may be more appropriate to avoid portraying the impression that values in different
classes are different (Tobler 1973).
In addition, we compared the classifications created by maximizing class
separability with the ones determined using conventional methods. We used both the
proposed separability measure and Xiao’s robustness in the comparison (Xiao et al. 2007;
Table 3 and Table 4). Apparently, the class separability method performs better than
other methods according to both evaluation criteria. This result should not be too
surprising as popular classification methods do not take into consideration the errors in
estimates, and therefore statistical differences between values are not of concern.
5.2.3 Heuristic Mapping Results
Maps made by maximizing class separability classification may have a potential
problem: observations may be unevenly assigned into different classes. Datasets with
positively skewed distributions are very common. Observations at the right-hand tail are
often statistically different from other observations and they may form singular-unit
classes, while all the other observation may fall into the same class. This kind of
imbalanced classification results may not be useful to map readers to detect the
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underlying spatial patterns. To address this issue, we have proposed a heuristic mapping
procedure which involves the inputs of human intelligence in determining class breaks by
considering separability and other criteria (e.g., within class variation and numbers of
observations among classes, see Chapter 3.3.3). The U.S. HSA-level data including the
estimates of all cause-of death (COD) mortality rate of white obtained from SEER
database are used to demonstrate the effectiveness of the heuristic mapping method.
The heuristic mapping method is supported by an interactive star plot (see
Chapter 3.4.2). Assuming that the mapping purpose is to expose the spatial pattern
according to the distribution of estimates, we may start the procedure with Jenks natural
breaks classification method. The possible number of classes can be from two to nine for
the nation-wide dataset with 768 observations (HSAs). Classification schemes are made
using the Jenks natural breaks method and different number of classes. In this
demonstration, we consider a total of three criteria: separability, within-class variation
and number of class. Therefore, a star plot with three axes is used to present the potential
classification schemes, and each scheme is a combination of parameter values according
to the three selected criteria Figure 32).
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Figure 32 Star plot to support heuristic mapping method

While most schemes have moderate to undesirable values on the separability level
(i.e. classification robustness), the robustness for the scheme with six classes is 0.17,
which is the highest among all schemes. Although the within-class variation (dispersion)
for the six-class scheme is not the best (smallest), it is very close to the smallest
dispersion level among all schemes. However, the nine-class scheme has the lowest
robustness value and the map with nine classes is not easy for map readers to interpret.
Therefore, after evaluating the trade-offs among the three criteria, we selected the
classification scheme with six classes. The corresponding map is shown in Figure 33
(upper). To compare the results of the heuristic mapping procedure with the other
mapping methods, we also mapped using the class separability (Figure 33 middle) and
the 5-class natural breaks methods (Figure 33 lower). The five-class scheme is commonly
used in choropleth maps, but the selection of this number is arbitrary without considering
any of these mapping criteria explicitly. The separability levels of class breaks are
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reported in Table 5 by mapping methods. The averaged separability levels and the values
of robustness (Xiao et al 2007) are included in the table.

Table 5 The separability and robustness levels for each class break by classification method (the separability
levels are rounded)

Natural
Classes Breaks
1-2
56
2-3
8
3-4
18
4-5
8
5-6

Class
Separability
100
99
95
93

44
18
17
23
64

Mean

22

97

33

Robust

0.95

1.0

1.0

Heuristic
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Figure 33 Maps of national mortality rate made by the heuristic method (upper), maximizing separability
(middle), and traditional Jenks natural breaks (lower)
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As expected, the map created by maximizing separability has higher separability
levels than other maps. Due to the relatively small errors in estimates (Table 2), the
lowest separability level of the class break between the fourth and fifth classes is still
higher than 90 percent. However, most of the enumeration units were assigned into the
highest classes. This classification is useful to recognize those observations which are
significantly different from other observations, but is not very efficient to represent the
spatial distribution of the phenomenon.
In the map created by the heuristic method, the class break between the fifth and
sixth classes has the highest separability level, 64.4 percent. The second highest
separability level is 43.7 percent, associated with the break between the first and second
classes. The separability levels of the breaks creating the middle classes are around 20
percent, and the break between the third and fourth classes has the lowest separability
level, 17.1 percent. Compared to the map made using the standard natural breaks method
with five classes, the heuristic method improved the average separability from 22.4
percent to 33.4 percent.
In cases of studying mortality, the classes with the high estimates are usually the
group that is the most concerned about by map readers, as these groups reflect the
population at risk. However, in the five-class map made by the standard natural breaks
method, the separability level between the two highest classes is only about 8 percent. It
is to say that the estimates separated by this class break are statistically different only at 8
percent confidence level or lower. In other words, many estimates assigned to the fourth
and fifth classes are not statistically different. Similarly, the confidence level between the
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fourth and third classes is only 17.6 percent. In order to highlight areas with high
mortality rates at a higher confidence level, the separability levels of breaks between
classes with high estimates have to be improved. In the map created by the heuristic
procedure, the separability level between the highest classes (fifth and sixth) was
improved dramatically to 64.4 percent. The map shows with higher levels of confidence
that areas with the highest mortality rates cluster along the middle corridor of the nation
between Louisiana and Iowa-Nebraska. Based on the above comparison, we can conclude
that the heuristic mapping method created more useful results than the other methods to
meet the purpose of revealing spatial patterns with a certain confident level.

5.3 Evaluating the Proposed Aggregation Procedure
The proposed classification methods have been demonstrated to be effective of
putting statistically different estimates into different map classes, given data quality are
moderate to good. Below, I will show how the proposed heuristic aggregation procedure
can generate new but more usable data from estimates with large error. Two ACS
variables, the female and male population counts of census tracts in Hunterdon county
and Somerset county of New Jersey were selected as the inputs of the aggregation
demonstration. Selected descriptive statistics of the two variables are reported in Table 6.
The two variables have similar reliability levels. Both of them have some observations
with CV values larger than 10 percent, which means the SEs of these estimates were
larger than one tenth of the estimates. If we consider 9.5 percent (set the value slightly
lower than 10) as the highest acceptable threshold for error, then aggregation will be
performed on all observations with CV larger than 9.5. For male and female population
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counts, 12 areal units have at least one estimate with CV larger than the threshold. The 12
areal units are selected as the aggregation seeds (Figure 34).

Table 6 Summary statistics of the two data sets used in aggregation experiments: N = number of observations,
MOE = margin of error, CV = coefficient of variation (in %), Min = minimum, Max = maximum, STD =
standard deviation.

Data Sets

N

Mean

Average Average Min Max STD
MOE
CV
CV CV CV

Female population, census tracts in
Hunterdon county and Somerset
county, New Jersey, 2007-2011 ACS

94

2,436

217

5.9

2.9

13.7 2.3

Male population, census tracts in
Hunterdon county and Somerset
county, New Jersey, 2007-2011 ACS

94

2,348

221

6.2

2.5

14.4 2.4

Figure 34 Scatter plot supporting data users to select aggregation seed (the orange points are the aggregation
seeds)
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Spatial compactness and thematic similarity are chosen as the optional criteria to
guide the selection of candidates to be merged with aggregation seeds. When evaluating
the trade-offs between the optional criteria and the reduction in error after aggregating
estimates, our general strategy is to select candidates which have desirable or moderate
values in all criteria for both input variables. Graphically, the best candidate should have
a polyline closest to the left side of the axes (Figure 35). Supported by the suite of visual
analytical tools, we iterate all aggregation seeds and select the candidate to be merged
with each of the seeds. The aggregated male and female counts were derived and the
associated MOEs were estimated for the new areal units (Equation 15, see Chapter 4.3).

Figure 35 An example of parallel plot used for selecting the “best” candidate (the polyline highlighted in yellow)

Maps are produced respectively for the original male/female population counts
and associated CVs, and the aggregated male/female population counts and associated
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CVs (Figure 36 and Figure 37). Aggregation seeds in the original data are highlighted on
the maps (Figure 36A, Figure 36C, Figure 37A and Figure 37C), and the newly generated
units are highlighted on the maps of aggregated data (Figure 36B, Figure 36D, Figure
37B and Figure 37D). In total, the number of areal units was reduced from 94 to 82 with
12 enumeration units being merged to the 12 aggregation seeds. Every seed were merged
with one surrounding unit, and such aggregations were sufficient to keep al CV values
below the 9.5 threshold. In order to observe the changes of estimates and CVs across
different maps, I use the same classification for the corresponding maps. The maps of
estimates were made using Jenks natural breaks method based on the aggregated data.
Since the range of the aggregated estimate is larger than the original estimate, the classes
made by the aggregated estimate can include all values of the original estimate.
Similarly, the maps of CV values were made using equal interval method based on the
original data.
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B

A

Male population
455 - 2,030
2,031 - 3,143
3,144 - 5,504
5,505 - 7,680

D
C

CV (%)
2.5 - 5.5
5.6 - 8.5
8.6 - 11.4
11.5 - 14.4

Figure 36 Maps of estimates and CV of the male population counts before and after aggregation (A: male
population counts before aggregation with seeds highlighted in cyan; B: male population counts after
aggregation with new areal units highlighted in cyan; C: CVs of male population counts before aggregation with
seeds highlighted in cyan; D: CVs of male population counts after aggregation with new areal units highlighted
in cyan)
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A

B

Female population
500 - 2,116
2,117 - 3,240
3,241 - 5,060
5,061 - 8,116

D

C

CV (%)
2.9 - 5.6
5.7 - 8.3
8.4 - 11.0
11.1 - 13.7

Figure 37 Maps of estimates and CV of the female population counts before and after aggregation (A: female
population counts before aggregation with seeds highlighted in cyan; B: female population counts after
aggregation with new areal units highlighted in cyan; C: CVs of female population counts before aggregation
with seeds highlighted in cyan; D: CVs of female population counts after aggregation with new areal units
highlighted in cyan)

Based on those maps, we found that the CVs of the aggregated observations were
reduced from their original ones significantly. Several original units with CVs assigned to
the highest or the second highest classes on the east side of the study area fell into the
lower classes after aggregation (Figure 36C, Figure 36D, Figure 37C and Figure 37D).
As shown in Table 7, while the maximum CVs of the original male and female
population counts were 14.4 and 13.7 percent respectively, the corresponding new CV
values are 9.6 and 8.6 percent. The means decreased slightly, but the SDs decreased

113

significantly since the large CV values (the ones larger than 9.5 percent) were removed
from the datasets. As expected, the minimum CV values do not change.
Regarding the aggregated estimates, the new population counts were sums of the
counts of all observations being merged together. The minimum, maximum, mean and
SD of the data with new estimates become larger, but the overall error levels have
diminished (Table 7). We understand that the changes in the summary statistics are
specific to the count variables we have chosen in this demonstration. When other types of
variables, such as ratio variables, certain summary statistics like the maximum may not
increase after aggregation. The spatial pattern changed to some extent, especially in the
local area involving aggregation (Figure 36A, Figure 36B, Figure 37A and Figure 37B).
Some high-low clusters changed to high-high clusters, and some low-low clusters change
to high-low clusters. This is an unavoidable problem (i.e. MAUP) caused by aggregation.
However, the pattern in areas not involved in the aggregation did not change too much.
Also, besides some new areal units were assigned into high-value classes, the global
pattern of the aggregated data presented by the current classification (Figure 36B and
Figure 37B) is very similar to the global pattern of the original data (Figure 36A and
Figure 37A). The constraint that aggregation is only performed on enumeration units
with large error does help to reserve the spatial variation in the original data for most
units.
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Table 7 Selected statistics for the estimates and errors of the male and female population before and after
aggregation

Statistics
Estimate

CV (%)

Min
Max
Mean
SD
Max
Min
Mean
SD
Units

Original
male
188
5,220
2,348
905
14.4
2.5
6.2
2.4
94

female
226
5,863
2,436
1,008
13.7
2.9
5.9
2.3

Aggregated
male
455
7,680
2,691
1,126
9.6
2.5
5.4
1.7
82

female
500
8,116
2,792
1,234
8.6
2.9
5.2
1.5

While the aggregated data have more reliable estimates, we may still ask: how
does the improvement on estimate reliability contribute to the result derived from
mapping or data analysis? In order to the answer this question, we select one variable, the
male population counts, to make two maps simply based on the Jenks natural breaks
method using the original and aggregated data (Figure 38). The separability measure was
used to evaluate the reliability of the map classifications (Table 8). Note that using map
classification to demonstrate the usability of aggregated data does not mean that the
purpose of aggregation is to make reliable classification. Instead, we just take mapping as
an example to demonstrate the influence of aggregation results on data analysis in GIS
since mapping is actually an analysis process (Sun et al. 2014).
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Figure 38 Maps using the original and aggregated estimates with separability level associated with each class
break (Upper: the original male population count estimates; Lower: the aggregated male population estimates)

As shown in Table 8, in the map of the original estimates, except the high
separability level for the break between the first and second classes, the separability
levels of the classification are around 20 percent. All these levels were improved
dramatically to at least 42 percent in the classification for the aggregated estimates. The
high separability level approaches to 66 percent. The average separability was improved
from 35 percent to 49. Therefore, we are more confident with the classes created based
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on the aggregated data, and the spatial pattern presented through the differences among
classes is more reliable (Figure 38 lower).

Table 8 Separability levels of class breaks in the map of aggregated estimate

Classes

Original

Aggregated

1-2
2-3
3-4
4-5

73
19
23
26

43
42
46
66

Mean

35

49

In summary, we designed a series of demonstrations to show the effectiveness of
the proposed mapping and aggregation methods. Two population datasets, the ACS and
national mortality data, are selected for the demonstrations. The classification method
that maximizes class separability helps to produce separable classes very effectively and
performs much better than traditional classification methods. However, the method may
create highly unbalanced classifications which may not be too useful to detect spatial
patterns. On the other hand, the heuristic mapping method, which takes into account
multiple criteria in the mapping process, is more flexible in considering multiple criteria,
including separability to create likely more useful maps. The aggregation procedure was
demonstrated to be able to produce more reliable estimates. The spatial pattern inherent
in the original data was changed, but the process preserves the local variations to the
largest extent.
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CHAPTER SIX SUMMARY AND DISCCUSION

6.1 Summary
In this dissertation, we first proposed a class-separability metric and related
heuristic mapping methods based on the separability metric. These methods were
developed with the intent to augment our capabilities to map spatial data incorporating
data quality information. Different from the traditional classification methods which
divide observations into different groups based only on the distribution of estimates, the
proposed methods consider both estimate values and the error of estimates in the
classification process.
One of the methods is to determine map class breaks that seek to maximize the
confidence that values in adjacent classes are statistically different. When more classes
are formed, values between classes become less different. Therefore, cartographers or
map users have to determine the trade-off between separability levels and number of
classes. However, since the above classification method incorporates only two criteria in
determining class breaks (the separability between classes and the number of classes),
excluding the distribution of estimates across classes, the usefulness of resultant maps in
revealing spatial patterns may be limited. Therefore, to make the maps more effective to
show spatial patterns, other criteria, such as the homogeneity within classes (e.g. Smith
1986), spatial compactness of units assigned to the same class (e.g. Cromley 1996), and
underlying spatial structure (autocorrelation) in the data (e.g. Murray and Shyy 2000)
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may need to be considered. Accordingly, another advanced heuristic classification
method was proposed to take into account multiple criteria in determining class breaks.
The roles of and the need for different criteria may be case-dependent, and the objectives
of the map should dictate which criteria should be included. Depending upon the
objective, it may also be desirable to balance the numbers of observations among classes.
The two proposed mapping methods are both data driven. If estimates have relatively
large errors, then the separability levels will generally be low, and the probabilities of
putting estimates in classes that they should belong to, regardless of which classification
method is adopted, will be relatively low.
If maps are made using conventional methods, such as Jenks natural breaks, the
class-separability metric can be used to evaluate the extent that values between classes
are statistically different and the reliability of the spatial pattern reflected by the
differences between classes. Then a map legend, in which a confidence level of
separability is associated with each class break, was designed to indicate to what extent
the two adjacent classes are statistically separable.
Despite the methods proposed above, maps and analysis results cannot be more
reliable than what provided by the quality of input data. We, therefore, took a slightly
different approach to reduce error from data directly. Spatial aggregation is one method
which data users can use to reduce error in data by creating new areal units with more
reliable estimates, but at the expenses of changing the spatial configuration of the original
data with larger areal units and introducing bias to the new estimates. To minimize the
possible changes in the spatial configuration, our proposed procedure will aggregate only
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areal units (seeds) with error levels so large that they cannot be acceptable by data users.
Data users decide the threshold of acceptable error size based on the requirement of the
particular applications. Our procedure helps find out the areal units that potentially can be
merged with aggregation seeds to derive new estimates with acceptable error levels.
Human intelligence is required in determining the best choices of areal unit(s) from the
candidate pool created by our procedure. Similar to the heuristic mapping process,
multiple criteria such as spatial compactness and spatial autocorrelation, etc., can be
included in the aggregation process to guide data users on selecting the “best”
aggregation configuration to produce more usable data. Since the areal units to be merged
are decided by data users, the aggregation configuration may not be optimal (according to
certain criteria), but the aggregated data will be, at least, appropriate or usable for the
particular purpose.
In addition, as multiple criteria are involved in determining the map classification
and aggregation scheme, a rather flexible framework, including effective graphics and
computer-user interaction, is needed to evaluate all reasonable options available to data
users and the trade-offs between different criteria. Therefore, we developed a suite of
interactive visual tools to facilitate the proposed heuristic mapping methods and
aggregation procedure. To some extent, the prototype toolset can also be customized to
serve the other data analysis involving multi-dimensional information.
Two popular data sources, the ACS data and the national mortality data, which
capture the characteristics of socioeconomic and public health aspects of our society, are
used to demonstrate the effectiveness of the proposed methods and associated tools. In
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real world practices, some more data sets are more applicable. Theoretically, most data
collected by sampling surveys, including estimates and errors measure by SE, MOE, and
CV, etc., may utilize our proposed methods to incorporate attribute accuracy into the
mapping process.
The methods introduced in this dissertation were developed using statistical
concepts. Therefore, users should have statistical knowledge to understand and use the
proposed methods. Users should at the minimum understand the concepts related to
standard error and the difference of means test. Training will be needed for the general
public to acquire related knowledge before they use the proposed methods to handle the
attribute accuracy information in spatial data.

6.2 Future Work
Several issues need to be addressed in the future. The first issue is related to the
fundamental of the class separability metric. To determine the separability of classes (i.e.
CL of difference between classes), we actually test if estimates between two classes are
significantly different. Every pair of estimates is compared using t-test respectively and
the separability is the minimum CL of difference between a pair of estimate. However,
comparing multiple pairs of estimates from two groups may lead to a multiple
comparison problem in statistics: the CL of difference derived from comparing the two
groups as a whole directly is not equal to the one derived from comparing every pair of
observations in the two groups (Hochberg and Tamhane 1987). Type I error, i.e.
incorrectly reject the null hypothesis that two classes are significantly different while the
classes are actually not, is more likely to occur than one considers the class a whole. In
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other words, the significance of difference test result will be more confident if
considering every class as a whole in the comparison. Therefore, the current class
separability measure should be modified by utilizing multiple comparison methods, such
as the least significant difference method (Williams and Abdi 2010), rather than
comparing each pair of estimates in two classes.
In addition, when performing t-test, the assumption is that the sample means (i.e.
estimates) are normally distributed. While the estimates of most variables are likely
normally distributed as long as the sample size is “large”, this may not be true for some
variables like income. For example, the distribution of income is more closely to log
normal than normal (Mitzenmacher 2004). The mismatch between the t-test assumption
and estimate distribution may be addressed by transforming data into normal distribution,
or conducting the non-parametric test (e.g. the Mann-Wilcoxon test).
Second, the heuristic mapping method that considers multiple criteria is based on
a particular standard classification method, and the designed star plot can only display the
potential classification schemes made by this method. The mapping method can be
improved by more exhaustive “search”. The star plot may incorporate potential schemes
made by different classification methods to enable cross-method comparison.
Furthermore, map makers are required to select a classification method from potential
schemes with different number of classes. To some extent, the heuristic process is to
incorporate multiple criteria to guide the selection of the “best” number of classes that
can create the scheme with acceptable separability among classes and moderate values on
the other criteria. The class breaks are still determined by standard classification methods.
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To overcome the limitation, we may need to design a more flexible classification
procedure to search for the breaks by evaluating the trade-off relationship among
different criteria. For large dataset, such search process will lead to intensive
computation, and therefore, high performance computing infrastructure maybe needed to
ensure the efficiency of execution.
Third, the process involving human intelligence to determine the best candidate to
be merged with the aggregation seed does not guarantee that the aggregation scheme is
optimal. Searching candidate and merging the best candidate with the aggregation seed
were executed sequentially starting from the seed with the largest CV. Candidates
merged with seeds earlier in the process may be better for seeds later in the process to
achieve closer to a global optimal situation. Therefore, optimization algorithms should be
integrated with the current human-centric method to increase the likelihood of achieving
the optimal combination of candidates and seeds. To approach this, we may include an
extract step to check if swapping candidates to different seeds will improve the
“optimality” after manually selecting the “best” options for all seeds. In addition, the
methods of estimating the new estimates and errors after aggregation have be developed
for the other types of statistics like proportions, means and median besides counts.
In addition, tests are needed to evaluate the difficulties in comprehending the
proposed methods and the usability of the supporting tools. Tests on different target user
groups, such as scientists, cartographers, economists and census officials, are desirable.
They may be required to perform different related tasks, such as to produce map or
perform aggregation with the tools, and then provide feedback on their experience (e.g.
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how easy or difficult to perform these tasks). Metrics also need to be defined to evaluate
the reliability of maps or data produced by users using these tools.
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