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Most national disease atlases adopt a classification scheme based on either the percentile distribution
of rates or on the national mean. Although these schemes have a direct interpretation, they are based
on the univariate statistical distribution of rates and not on their spatial distribution, and distort the
underlying spatial autocorrelation in the data. If the purpose of the maps is to represent spatial
patterns, alternative classification schemes might be more appropriate. This research proposes an
alternative classification method that maximises spatial similarity among contiguous units in the same
class interval. The method has been illustrated using selected data from the German Cancer Atlas
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INTRODUCTION

MarpPiNG THE distribution of health problems has been under-
taken to describe geographical patterns of disease for planning
and resource allocation, and to identify clusters of disease as a
preliminary step in explaining disease aetiology and trans-
mission. The development of computer-assisted cartography
and geographic information systems (GIS) has facilitated the
production of these maps, making disease mapping available
to any health specialist. However, because the ability to prod-
uce maps using computers is so common and poorly designed
maps can inadvertently miscommunicate information [1], the
need for improved mapping techniques is more important
than ever. This paper considers an alternative to the classifi-
cation schemes most commonly used in medical atlases. The
classification scheme presented here explicitly uses the under-
lying spatial structure of disease rates to determine class
interval limits.

For ease of presentation and interpretation, many medical
atlases adopt a percentile classification scheme, often based
on quintiles or sextiles [1-5]. In other atlases, only the extreme
cases or those differing significantly from national norms are
mapped [6, 7]. These classification schemes are not designed
to represent statistically homogeneous groups or to highlight
spatial patterns. Inferences from such maps, therefore, need
to be conditioned by the limitations of these classification
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schemes. More recently, Becker [8] has proposed an absolute
scaling technique that overcomes comparability problems
between maps, but does not take into account the spatial
structure of the disease distribution.

Medical statistics can be analysed using any number of
techniques, but, to explore the spatial distribution of health
problems, the statistics are generally presented in the form of
a map. For statistics collected and reported by
political/administrative units, these values are usually rep-
resented as a choropleth map. The display of medical statistics
in the form of a chloropleth map first requires that the data be
classified into a small number of class intervals, and then that
a graphic value be assigned to represent the statistical values
of all area units belonging to the same class interval. The
graphic value is usually either a colour hue or a gray tone value.

Classification has been adopted in choropleth mapping, in
part, to reduce the number of values being displayed because
the human eye can only discriminate a limited number of
tones [9], although perceptual studies conclude that the eye
can discriminate more colour hues than gray tones [10}. Some
researchers have proposed an alternative to classification in
which each statistical value is assigned a unique graphic value
and portrayed directly in a so-called ‘classless’ map [11-13].
This approach is based on the direct conversion of each
statistical value into a unique graphic value.

The classification process transforms the original interval or
ratio data into ordinal groups for display in the final map. A
map reader can ascertain from the graphic values on the map
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only that observations in one class are greater or less than
observations in another class. The graphic values representing
the statistical values are chosen either for maximum contrast
between classes or are related to the mean or median numeri-
cal value for each class interval. A map legend is used to
indicate the range of statistical values in the set of observations
in each class.

Without careful study of the legend, comparisons between
maps can be misleading. If graphic values were chosen for
maximum contrast in each map, a dark tone on one map may
represent a different range of statistical values than on another
map. A quick visual comparison could lead the reader to
misinterpretations of the relationships between the two disease
distributions, a problem pointed out by Becker [8].

Even with careful study of the legend, the reader cannot
determine how much individual statistical values within a class
differ from one another. All metric properties of the statistical
distribution are sacrificed for clarity of examining the spatial
distribution. Therefore, the classification procedure should
ensure that the information added by the graphic display more
than compensates for the information lost by transforming
individual statistical values into graphic value classes.

An alternative classification scheme, equal interval, reduces
the variability of data ranges between groups. In this method,
the data range of statistical values is divided by the number of
classes. Each interval now has the same length, but the num-
ber of observations in each interval will vary. It is also possible
that some class intervals will have no observations because no
statistical properties of the distribution other than the range of
the data were used. An equal interval scheme is useful for
comparing maps if a common data range is used for all maps
because the graphic value for each interval will be the same
across all maps.

Serial class intervals [14, 15] represent a merging of the
percentile and the equal interval methods. In serial classifi-
cation, the full range of data values is divided into interval
lengths based on a data transformation of the original statisti-
cal values. The type of transformation used is a function of
the underlying mathematical relationship between a data value
and its rank. Frequently, serial class intervals are based on a
form of arithmetic, geometric or reciprocal hyperbolic pro-
gressions of the original statistical data [14]. Theoretically, in
a serial classification, the same number of transformed data
values will occur in each class interval.

A serial classification based on a linear data progression is
the same as an equal interval classification. Becker [8] has
proposed using a square root transformation of cancer mor-
tality rates to create a 20 interval classification of cancer rates.
A standard range of rates values from 0.0 to 95.0 is used to fix
the intervals for the 20 class intervals across any cancer. By
assigning a progression of 20 colour hues or gray tones to
match the range of the 20 statistical intervals, maps having
different data ranges can be compared because the graphic
value always represents the same statistical interval.

These traditional methods have the advantage of being easy
to compute and understand. However, they filter underlying
spatial patterns of disease because the values of observations
within an interval often vary widely resulting in a misrepresen-
tation of disease clusters. In any serial classification based on
a non-linear transformation, the width of each interval
increases as the data values increase, increasing the likelihood
of greater within-group variation.

To improve the value estimation in choropleth mapping,

E.K. Cromley and R.G. Cromley

optimal classification strategies have been proposed that mini-
mise the variation within classes [16~18]. Mak and Coulson
[19] found that classed choropleth maps using an optimal
classification system were significantly better for the task of
value estimation than either n-tile or classless maps. Again,
however, the statistical properties of the data distribution are
not necessarily of primary concern in mapping because these
properties can be analysed more appropriately by other tech-
niques. If the primary concern is understanding the univariate
distribution of rates, a frequency diagram is appropriate and
most atlases include these graphics. If the primary concern is
value estimation, a table of values by observational unit is
appropriate, and some atlases include these tables. Maps are
perhaps most useful for modelling the spatial properties of
the data distribution. These properties of data distribution
consider not only the data values but also the spatial contiguity
of those values [20]. In this paper, an alternative classification
scheme is presented.

MATERIALS AND METHODS

Classification based on the spatial arrangement of data
values considers the amount of ‘boundary error’ that is present
in a map after classification. The notion of boundary error is
somewhat different from that of statistical error. Boundary
error in choropleth mapping, a concept first introduced by
Jenks and Caspall [21], occurs whenever the boundaries
between the classed areas, referred to as external class bound-
aries, on the map do not align with the major breaks in a three-
dimensional representation of the statistical surface. Classifi-
cation should result in the boundaries lying within a group of
contiguous area units, referred to as internal class boundaries,
corresponding to minor breaks in the surface while the boun-
aries separating a grouping correspond to the major breaks in
the surface. In this manner, contiguous area units belonging to
the same class would form a statistically homogeneous cluster.

Boundary error is related to the type of spatial autocorre-
lation that is present in the data’s spatial distribution. A
number of significant breaks in a surface are present if the
data are negatively autocorrelated. In this case, few if any
clusters of similar values should occur as the result of the
classification process. Fewer and less significant breaks occur
if the data are positively autocorrelated. The classification
process should identify a number of homogeneous clusters in
this case. In practice, most phenomena exhibit moderate
positive autocorrelation in space {22].

If the map is to portray regions that are homogeneous
rather than heterogeneous, then the classification should try
to minimise the size of the statistical breaks associated with
internal class boundaries. This can be operationalised by
calculating the level of similarity between area units belonging
to the same class interval that share a common boundary.
This similarity measure is added to a cost function for that
class for all of its internal boundaries. Similarity measures
associated with external values are ignored. A frequently used
similarity measure is the square of the difference between the
statistical values of the two area units associated with an
internal boundary; this measure was first introduced by Geary
[23] to calculate contiguity ratios. This measure is expressed
as:

G = (X, - X)? ey

where, C; is the cost value and X, and X, are the statistical
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Table 1. Moran I coefficients for each cancer distribution

Moran 1

Type of cancer coefficient Rank
Stomach

Male 0.64

Female 0.76 1
Lung

Male 0.73 2

Female 0.30 5
Colon

Male 0.10 6

Female 0.32 4
Ovarian 0.07 7

values for the respective right and left area units for a given
internal boundary. A dynamic programming algorithm for
solving the problem of minimising this type of classification
error over all classes has been presented by Cromley [18].
The alternative classification scheme employed here then
classifies the units of observation to minimise the boundary
error associated with the difference between the observed
values squared for adjacent units of observation. In doing so,
this classification scheme attempts to align large differences in
the observed values with boundaries between classes and small
differences with internal boundaries. To implement this type
of classification scheme, not only are the statistical values
for each area unit required, but also a topological structure
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identifying boundaries and their adjacent left and right area
units (see Burrough [24] for a discussion of spatial data
structures for storing digital maps).

RESULTS

To test this method as an alternative classification scheme,
the technique was used to reclassify and map cancer mortality
data from West Germany originally published and mapped in
Atlas of Cancer Mortality in the Federal Republic of Germany [3).
The data in this atlas were collected at the level of the ‘kreise’
administrative unit and a mortality rate was estimated for each
kreise for each cancer site by sex by the authors. In West
Germany, there were 329 of these administrative units. For
this study, the kreise of West Berlin was omitted because it
was a detached unit at the time of the study that did not share
a boundary with any other unit. In the atlas, all maps were
published using a quintile classification of cancer rates.

The alternative classification proposed here was performed
for lung cancer, stomach cancer and colon cancer rates for
men and for women, and for ovarian cancer rates. These
cancers were chosen from among more than 20 cancers in the
original atlas because they have different underlying patterns
of spatial autocorrelation. The Moran I spatial autocorrelation
coefficient [25] was used to measure the amount and type of
spatial autocorrelation for each cancer (Table 1). Male and
female stomach cancers and male lung cancer exhibit the
highest positive spatial autocorrelation ranging from 0.76 (for
ferale stomach cancers) to 0.64 (for male stomach cancers).
Female lung cancers and female colon cancers exhibited mod-
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Figure 1. A comparison of male stomach cancers for West Germany. (a) Quintile classification; (b) minimise boundary error
classification.
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FEMALE STOMACH CANCERS FEMALE STOMACH CANCERS
Quintiles Minimize Boundary Error

Figure 2. A comparison of female stomach cancers for West Germany. (a) Quintile classification; (b) minimise boundary error
classification.

(a) (b)

MALE LUNG CANCERS MALE LUNG CANCERS
Quintiles Minimize Boundary Error

Figure 3. A comparison of male lung cancers for West Germany. (a) Quintile classification; (b) minimise boundary error
classification.
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FEMALE LUNG CANCERS

Quintiles

FEMALE LUNG CANCERS
Minimize Boundary Error

Figure 4. A comparison of female lung cancers for West Germany. (a) Quintile classification; (b) minimise boundary error
classification.

erate positive spatial autocorrelation (around 0.30) and male
colon and ovarian cancers were randomly distributed.

Using a quintile classification, maps of male stomach
(Figure la), female stomach cancers (Figure 2a) and male
lung cancer (Figure 3a) show a strong pattern of positive
autocorrelation. For stomach cancer, a high concentration of
cancer rates is observable in Bavaria in the southeastern por-
tion of West Germany for both men and women. For lung
cancer, among men, the highest category is concentrated in
the heavily industrialised region of the Rhine and Ruhr River
valleys in the west. Among female lung cancers, the kreises in
the highest category are more dispersed and the area of high
cancer rates in the west is substantially smaller (see Figure 4a).
Female lung cancer does not appear to be as positively auto-
correlated. Similarly, colon and ovarian cancers show ran-
domness or negative autocorrelation (Figures 5a, 6a and 7a),
although higher rates are observable in the western regions of
West Germany for colon cancers (see Figures 5a and 6a).

These visual impressions of autocorrelation patterns associ-
ated with a quintile classification are also quantitatively meas-
ured by the number of internal and external class boundaries
present in each map. As discussed above, a map should have
a visual impression of positive autocorrelation if there are a
large number of internal boundaries present in the display.
According to this simple measure of spatial autocorrelation in
map classification (Table 2), male lung cancers were the most
positively autocorrelated followed by female and male stom-
ach cancers, whereas the Moran I index ranked female stom-
ach as being the most positively autocorrelated followed by
male lung and male stomach. The remaining cancers have
substantially fewer internal boundaries in their map pattern,

with ovarian cancer having the least, although there was a
reversal in the ranking for female lung and male colon.

The original data were then reclassified using the method
described in the previous section that minimised the amount
of boundary error. The maps resulting from this classification
are juxtaposed with the quintile maps for visual comparison in
Figures 1b—7b. For this classification, the rank order of the
number of internal boundaries exactly matches the rank order
of the Moran I index of spatial autocorrelation.

Because there is no longer a restriction that each class
interval must contain a certain number of observations, the
number of kreise associated with each class interval varied
from class to class (see Table 3) better reflecting the underly-
ing statistical and spatial properties of the data distribution.
For male stomach cancers, the number of kreise in the highest
category was reduced substantially from 66 to 8. In terms of
the spatial distribution, the large homogeneous region of high
cancer rates in southeastern West Germany is replaced by a
somewhat more heterogeneous pattern while in the north, the
more heterogeneous pattern in the quintile map is replaced by
a more homogeneous pattern (see Figure 1). The same
changes in statistical and spatial relationships were also pre-
sent for female stomach cancers (see Figure 2). For male lung
cancers, there are fewer very high cancer rates in the reclassed
map (Figure 3b) than in the original quintile map (Figure 3a).
The overall pattern has a smoother appearance with no units
in southern West Germany in the upper two class intervals.

In contrast, for female lung cancers (Figures 4a and 4b),
the quintile and reclassed maps are similar displaying a fair
amount of spatial heterogeneity. This trend continued for
both the colon and ovarian cancers (Figures 5, 6, and 7)—the
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(a) (b)
MALE COLON CANCERS MALE COLON CANCERS

Quintiles Minimize Boundary Error

Figure 5. A comparison of male colon cancers for West Germany. (a) Quintile classification; (b) minimise boundary error
classification.

(a) (b)
FEMALE COLON CANCERS FEMALE COLON CANCERS
Quintiles Minimize Boundary Error

Figure 6. A comparison of female colon cancers for West Germany. (a) Quintile classification; (b) minimise boundary error
classification.
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(b)

OVARY CANCERS

Minimize Boundary Emror

Figure 7. A comparison of ovarian cancers for West Germany. (a) Quintile classification; (b) minimise boundary error
classification.

Table 2. Number of internal and external class boundaries associated with each classification scheme

Number of internal

Number of external

Type of cancer class boundaries class boundaries Rank
Quintile classification

Stomach, Male 318 527 3
Stomach, Female 328 517 2
Lung, Male 372 473 1
Lung, Female 222 623 6
Colon, Male 253 592 5
Colon, Female 268 577 4
Ovarian 182 663 7
Minimum boundary error classification

Stomach, Male 347 498 3
Stomach, Female 385 460 1
Lung, Male 377 468 2
Lung, Female 234 611 5
Colon, Male 216 629 6
Colon, Female 253 592 4
Ovarian 197 648 7

overall visual impression of pattern is very similar and the
number of observations within the five intervals is more uni-
formly distributed than for stomach or lung cancers (Table 3).
As a further comparison of the two approaches, a statistical
analysis was performed to determine how well each classifi-
cation represented the underlying spatial structure of the
thematic distribution. As spatial autocorrelation measures
indicate, the squared observed value difference across an

internal boundary should be small while the squared observed
value difference across an external boundary should be larger.

Discriminant analyses were performed for each cancer to
determine how well the observed difference, squared for each
boundary, predicted whether a boundary would be internal or
external under the two different classification schemes. In
every case, the means of the observed differences squared for
internal and external boundaries were a greater distance apart
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Table 3. Number of observations associated with class interval for
minimising boundary error

Interval

Type of cancer 1 2 3 4 5
Stomach

Male 8 46 82 117 74

Female 15 30 68 138 77
Lung

Male 17 60 94 99 56

Female 34 60 77 105 52
Colon

Male 45 76 85 69 53

Female 44 97 81 79 27
Ovarian 28 66 26 94 44
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the map reader with respect to the spatial properties of the
disease under examination. Ease of diagnosis is of no benefit
to medical researchers if the diagnosis is more likely to be
in error.

An alternative classification is proposed here if the purpose
of mapping is to examine pattern and identify clusters of areas
having similar health statistics. A classification scheme that
minimises boundary error in classified maps depicts such
clusters where they exist more accurately than quintile maps.
However, in the examples presented here, both classification
schemes produced similar visual patterns when the data were
negatively autocorrelated, although the internal and external
boundaries had better statistical discriminatory power in the
boundary error method. Hopefully, future use of the boundary
error classification scheme will improve the utility of choro-
plethic mapping to medical researchers.

Table 4. Discriminant analysis associated with internal and external boundary categories

Internal boundaries

External boundaries

Mean squared

Percentage correctly

Mean squared Percentage correctly

Type of cancer difference predicted difference predicted
Quintile classification

Stomach, Male 14.3 87.7% 27.2 38.5%
Stomach, Female 3.1 83.5% 7.5 36.2%
Lung, Male 26.6 86.0% 86.7 45.7%
Lung, Female 0.5 93.2% 3.7 48.5%
Colon, Male 1.1 99.2% 11.8 47.8%
Colon, Female 0.9 93.0% 7.3 48.5%
Ovarian 0.9 94.0% 55 46.2%
Minimum boundary error classification

Stomach, Male 2.7 98.6% 36.0 50.4%
Stomach, Female 1.0 98.2% 9.7 50.2%
Lung, Male 12.1 96.8% 99.0 55.1%
Lung, Female 0.2 98.7% 3.9 52.2%
Colon, Male 0.7 96.8% 11.8 48.6%
Colon, Female 0.4 99.2% 7.3 52.2%
Ovarian 0.3 100.0% 5.8 50.5%

for the boundary error classification than they were for the
quintile (see Table 4). In all but one instance, internal bound-
aries for male colon cancer, the boundary error classification
produced internal and external boundaries that better pre-
dicted what type of boundary their observed difference
squared value said they should be.

One should also note that internal boundaries were more
correctly predicted than external boundaries over all cancers.
This is to be expected because these boundaries might be
between kreise belonging to the first and second classes or
the first and fifth classes creating greater variations in their
differences than what would be expected in the difference
variations for internal boundaries.

DISCUSSION
The usefulness of choropleth maps of disease for rep-
resenting the spatial distribution of disease can be enhanced
by incorporating classification techniques that better capture
the spatial structure of the disease distribution. Although
commonly used approaches, such as a quintile classification,
are easily understood by map readers, they can also misinform
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