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Abstract

The cluster analysis technique is considered for classifying kidney stones based on data for nine chemical analysis
parameters. A set of 214 stones is used, which has been previously classified using empirical classification rules into
three stone types using the percentage concentrations of the urate, oxalate, and phosphate radicals. We investigate
whether cluster analysis utilising data on all parameters leads to different classifications and explore the possibility of
other effective classifiers. We also compare the performance of various clustering techniques, distance and similarity
measures and data standardisation methods. Results indicate that inclusion of the additional six parameters does not
improve the classification accuracy. Best matching with the empirical classification (6% error) is achieved using the
average linkage (between groups) clustering method and the squared Eculidean distance measure without data
standardisation. Excluding these three main radicals causes a 63% matching error. Cluster analysis results suggest that
carbon ions alone provide a single classifier for the three stone types, giving a matching error of :10% with the
empirical classification. © 1999 Elsevier Science Ireland Ltd. All rights reserved.

Keywords: Urinary stones; Types of stones; Non-infection stones; Classification; Stone analysis; Elemental microanal-
ysis; Cluster analysis; Ionic composition; Wet chemistry analysis

1. Introduction

Classification of urinary stones according to
their chemical composition is an important re-

quirement for proper management of the disease.
Quantitative chemical analysis of the urinary
stones has been preferred by many investigators,
e.g. [1–5]. Of particular importance are microana-
lytical techniques used for stones below 5 mg in
weight [5]. Almost all these investigators apply
calculations, based on certain assumptions, to the
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findings of chemical analysis to arrive at estimates
for the composition of compounds. Accordingly,
several classifications of urinary stones have been
suggested [3,6–9], but it is difficult to compare
them since chemical analysis results are presented
differently [10].

More recently, a different empirical approach
for the classification of urinary stones was pro-
posed [11–14]. The scheme is based only on the
percentage composition of detected ions, without
the need for such cumbersome calculations which
introduce an element of uncertainty [10]. It takes
into account both trace and minimum amounts of
ions present. Based on the percentage concentra-
tion of the urate, oxalate, and phosphate content
of the stone, a collection of 214 non-infection
(category I) stones was classified into three main
types: urate (U), oxalate (X) and phosphate (P),
with memberships of 43, 144, and 27 stones,
respectively. With this empirical classification, a
stone was classified as U (type 1) if the percentage
concentration of the urate radicals with respect to
the total radical content was \20%. Similarly, a
stone was classified as X (type 2) if the percentage
concentration of the oxalate radicals was \40%.
A stone was classified as P (type 3) if it did not
satisfy either of the above conditions and had the
percentage concentration of the phosphate radi-
cals \10%. Percentage concentrations of the
urate, oxalate, and phosphate radicals in the stone
will be referred to as URATE, OXAL and PHOS,
respectively. The same three variables were used
to further classify each main type into a number
of subgroups [12–14]. For example, OXAL was
used to separate type 1 stones (U) into four
subgroups and type 3 stones (P) into two sub-
groups. Cluster analysis results reported here con-
sider only classification into the three main stone
types.

The empirical classification scheme described
above provides a simple method for classifying
the stones into three major groups, which requires
the measurement of only three parameters. How-
ever, it does not utilise much of the chemical
analysis data available [11–14] (to be described in
Section 2). Moreover, while the empirical classifier
was quite successful in separating the urate stones
(type 1) from the rest of the population, separa-

tion between the oxalates and phosphates (types 2
and 3, respectively) was marginal. This was partic-
ularly the case for some stones belonging to one
subgroup of the phosphate stones (subgroup 1
with 105OXALB40, which represents the
mixed type of these stones [11–14]). In this sub-
group, boundary cases existed which had OXAL
as high as 38.9% and PHOS as low as 10.8%.
Inclusion of this subgroup of mixed stones in the
phosphate type was in good agreement with the
results of the X-ray diffraction technique [15].

Cluster analysis techniques provide means for
classifying a given population into groups, based
on similarity or closeness measures, through unsu-
pervised learning. It would be interesting to see if
cluster analysis based on all the chemical analysis
data available yields a similar classification into
three clusters as that obtained through the simple
empirical scheme above. With agglomerative hi-
erarchical clustering the user can specify the num-
ber of clusters required for the solution, at which
clustering stops. The objective of this study is to
compare the results of cluster analysis with those
of the empirical classification described above,
with the empirical classification being used as a
reference in the absence of a ‘gold standard’. In
particular, the study attempts to establish whether
clustering with all the nine variables available
produces significantly different classifications. Ob-
taining similar classifications with both techniques
would indicate that the empirical method is an
efficient approach and that the most relevant de-
scriptors for the stone type in the given setting are
the percentages of urate, oxalate, and phosphate
radicals. Clustering performance by subsets of the
data variables is considered in search of other
effective classifiers. The study also investigates the
effect of using various clustering methods, dis-
tance and similarity measures, and standardisa-
tion techniques which are applied to the data
prior to clustering.

2. The stones data set

The stones data set used for this study consists
of 214 urinary stones spontaneously passed or
removed in toto (operatively or endoscopically).
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Table 1
Averages and standard deviations (in parenthesis) of the nine variables for each of the three stone types and for the total population
of 214 stones

VariableStone type

CA URATE OXAL PHOS C H N MGCT–R

(a) Without data standardisation
2.85 79.22 5.30 0.80 32.19 2.69 28.73 0.06Type 1 (U) 513.33

(3.68) (18.73) (8.20) (1.92)(197.01) (3.81) (0.37) (5.6) (0.11)
23.57 1.00 49.79 3.70Type 2 (X) 16.781684.67 1.86 1.00 0.08
(4.11) (3.25) (4.62) (3.57)(290.53) (1.83) (0.26) (1.09) (0.13)

1660.70Type 3 (P) 25.46 0.27 22.59 27.76 10.29 1.63 1.00 0.81
(3.03) (0.28) (14.94) (12.69) (3.86) (0.35)(292.02) (0.60) (0.87)
19.64 16.62 37.42 6.151446.28 19.06Overall 2.00 6.50 0.17

(542.86) (9.31) (32.65) (19.86) (9.90) (7.42) (0.46) (11.30) (0.41)

(b) With data standardised by variable as Z-scores
−1.80 1.92 −1.62 −0.54−1.72 1.77Type 1 (U) 1.50 1.93 −0.27

(0.36) (0.40) (0.57) (0.41) (0.19) (0.51) (0.80) (0.49) (0.28)
0.42 −0.48 0.62 −0.25Type 2 (X) −0.310.44 −0.30 −0.49 −0.21

(0.44) (0.10) (0.23) (0.36)(0.54) (0.25) (0.56) (0.10) (0.31)
0 39Type 3 (P) 0.62 −0.50 −0.75 2.18 −1.18 0.79 −0.49 1.57

(0.32) (0.01) (0.75) (1.28) (0.52) (0.77)(0.54) (0.05) (2.14)

For case (b), overall variable averages are all zeros and overall standard deviations are all unity (not shown).

Before samples were taken for the routine meth-
ods of quantitative chemical and elemental micro-
analysis [12–14], the whole stone was subjected to
ex-vivo computerised axial tomographic scanning
(CT) for the determination of stone density using
a modification (unpublished data) based on the
work of Drach et. al. [16]. The CT reading deter-
mined (CT–R; in Hounsfield units) was one of
the nine parameters studied for each stone. The
other eight parameters are the percentage concen-
tration of eight ions and radicals: calcium (CA),
urate, oxalate, phosphate, carbon (C), hydrogen
(H), nitrogen (N) and magnesium (MG). Impor-
tance of the percentage concentration of CA,
urate, oxalate and phosphate in the classification
of urinary stones is well documented in many
studies, although data were usually interpreted as
compounds and not as ions or radicals [3,6–9].
Recent studies confirmed the reliability of micro-
analytical determination of C, H and N for the
quick identification of stones, particularly those
that weigh B1 mg, which are too small for using
wet chemical analysis [11–14]. It was also shown
that the percentage concentration of MG differen-

tiates between infection and non-infection stones
[11–14]. All samples in this study belong to the
non-infection stones category (MGB3%).

Table 1 lists the average and standard deviation
for each of the nine variables. Values are given
separately for each of the three main stone types
in the empirical classification [12–14], together
with overall values for all the stone cases in the
data set. These results are shown both without
standardisation, Table 1 (a), and with data stan-
dardised by variable as Z-scores having overall
zero means and unity standard deviations for
each variable over the whole data set, Table 1(b).
Table 1(a) indicates that the choice for the three
main parameters, URATE, OXAL, and PHOS, as
basis for the empirical classification of the three
stone types is justified. Disparity among type av-
erages for these three variables is greater than that
for any other variable. For example, the type
averages for URATE have their ratios, relative to
type 3 average, as 293.4:3.7:1. This shows that
URATE should adequately separate type 1 from
both types 2 and 3, but will not be as effective in
separating type 2 from type 3. For the variable H,
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this ratio is 1.65:1.14:1, indicating that H would
not be a good discriminator for the three types
combined. Variable C has the better ratio of
3.13:1.63:1 and, therefore, may perform ade-
quately in classifying the three types. Variables
such as CT–R, CA, N may discriminate type 1
against types 2 and 3 combined. Among the three
main radicals, URATE has the largest average to
standard deviation ratio for stones of type U,
while for types X and P the ratio is largest for
OXAL and PHOS, respectively. This supports the
empirical choice of these variables to classify the
three stone types, as the three sub-populations
adequately cluster with minimum spread about
the mean values of the respective variables.

3. Cluster analysis techniques

Cluster analysis is widely used in many areas of
applied sciences to place cases of a given popula-
tion into groups or clusters suggested by a data
set of key variables; such that cases in a given
cluster tend to be ‘similar’ or ‘close’ according to
some similarity or distance measure [17] Choice of
variables used for clustering is a crucial step
which should be carefully considered by the do-
main expert, because excluding important vari-
ables may lead to misleading grouping. When
variables have different scales, distance measures
will be biased towards reflecting contributions
from variables expressed in larger numbers, and
therefore, data should be re-scaled or standard-
ised prior to clustering. Commonly used standard-
isation methods include transformations into
Z-scores (zero mean and unity standard devia-
tion) or dividing by the mean, the standard devia-
tion, the range, or the maximum value [18].

In agglomerative hierarchical clustering, each
case is considered as a separate cluster initially,
and groups are formed by merging cases into
bigger and bigger clusters, eventually ending up
with a single group if the analysis is allowed to
continue. Usually, the user specifies a solution
containing a given number of clusters. Cases are
grouped based on their ‘nearness’ according to a
given distance or similarity measure [18]. Merging
cases/clusters into bigger clusters depends on the

clustering method used. Methods differ in their
use of the distance measure selected in deciding
which cases or groups to be combined at each step
of the clustering procedure and the final clustering
solution depends on the combination of the clus-
tering method used and distance measure
adopted. Commonly used clustering methods fall
into three main categories: linkage, centroid, and
variance. Linkage methods define nearness of two
classes in terms of the distances between member
cases of the two clusters. The single linkage
(nearest neighbour) method uses the distance be-
tween the closest two cases in the two candidate
clusters as an indication of their nearness, while
the complete linkage (furthest neighbour) method
uses the distance between the furthest two points.
Other linkage methods include the average link-
age (between groups) method which define the
distance between two clusters as the average of
the distances between all possible pairs of cases
made up of one case from each cluster. On the
other hand, the average linkage (within groups)
method computes a similar average distance but
between all pairs of a resulting cluster. At each
agglomeration step, the two clusters chosen for
merging would be those that lead to the minimum
such distance in the resulting bigger cluster.

Both the centroid and variance methods use the
notion of the cluster centre, defined as the mean
vector of the variables for all cases within the
cluster. The centroid method considers the dis-
tance between two clusters as the distance be-
tween their centres. Here, the centroid of a
merged cluster is a weighted combination of the
centroids of the two individual clusters, with the
weights being proportional to the sizes of the two
clusters. The median method is similar to the
centroid method, but the centroids are weighted
equally to avoid de-emphasising the influence of
smaller clusters. The Ward’s minimum variance
method is an example of the variance or error-
sum-of-squares category of clustering methods.
The method computes the sum of the squared
Euclidean distance between each case and the
cluster centre and considers it as a dispersion
‘error’ which should be minimised. The two clus-
ters to be joined are selected among all possible
candidate cluster pairs such that this dispersion
variance is minimised in the resulting cluster.
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The most commonly used distance measure is
the squared Euclidean distance. Between two
cases, this is defined as sum of the squared differ-
ences between the values of all variables for the
two cases. It should be used with the centroid,
median, and Ward’s clustering methods. The Eu-
clidean distance is the square root of that dis-
tance. The cosine distance is the cosine of the two
vectors of the variables for the two cases. Simi-
larly, the Pearson correlation distance is the Pear-
son correlation coefficient between these two
vectors. The city block distance is the sum of the
absolute values for the differences between the
values for each variable in the two vectors. The
Chebychev distance is the maximum absolute
value of these differences. The Minkowski dis-
tance is obtained by raising the absolute differ-
ence for each variable to the nth power and
taking the nth root of the sum for all the
variables.

Different clustering methods produce cluster
solutions having different characteristics related
to size, shape, and dispersion [19]. For example,
average linkage methods tend to form clusters of
equal variance while the Ward’s method tends to
form clusters of equal sizes. Performance of the
various methods depends heavily on the nature of
the problem; e.g. how well the clusters are sepa-
rated, how widely each cluster is dispersed, and
whether or not they have equal membership. If
the clusters are widely separated, almost any clus-
tering method would be able to successfully cate-
gorise them, while data representing poorly
separated clusters present a more difficult prob-
lem. In a series of simulation studies [20] on
artificial data sets obtained using pseudo-random
numbers, it was found that the best overall per-
formance was obtained with either average link-
age methods or the Ward’s minimum variance
method while the single linkage method almost
always gave the poorest overall performance [19].

4. Cluster analysis results

A number of cluster analysis methods were
used for the automatic classification of the stones
data described in Section 2 using the cluster mod-

ule of the Windows version of the SPSS package
[18]. Performance was evaluated using the empiri-
cal classification [12–14] as a reference. The fol-
lowing clustering methods were evaluated: (1)
average linkage between eight groups; (2) average
linkage within groups; (3) single linkage (nearest
neighbour); (4) complete linkage (furthest neigh-
bour); (5) centroid method; (6) median method;
(7) Ward’s method. Various distance measures
were investigated, including: (a) Euclidean; (b)
squared Euclidean; (c) cosine; (d) Pearson correla-
tion; (e) Chebychev; (f) block; (g) Minkowski,
with n=3. A number of techniques were explored
for data standardisation prior to clustering, in-
cluding: (i) no standardisation; (ii) Z-scores; (iii)
range −1 to +1; (iv) range 0 to +1; (v) maxi-
mum magnitude=1; (vi) S.D.=1; (vii) mean=1.

4.1. Effect of the clustering method

Table 2 shows the classification performance of
the seven clustering methods listed above on the
stones data set with data for all the nine variables
used by the clustering procedure (later we investi-
gate the effect of selecting variables that take part
in clustering). The default squared Euclidean dis-
tance measure was used throughout, with data
always standardised as Z-scores. The empirical
scheme [12–14] provided the reference classifica-
tion into the three stone types: U, X, and P,
having memberships of 43, 144, and 27 samples,
respectively, out of the total number of 214 stones
considered. Therefore, the table gives the number
of samples in each of the these three types which
are classified into each of three corresponding
stone types by cluster analysis. Diagonal elements
in the 3×3 matrices in the table indicate correctly
classified samples, while off-diagonal elements in
a row represent the number of misclassifications
into the other two types. Shown also is the total
percentage classification error for each method.
The table indicates that, with the exception of the
single linkage (nearest neighbour) method (la-
belled 3 in the table), all clustering methods give
adequate classification results, which closely
match those of the reference empirical classifica-
tion [12–14] with an overall error of :8–11%.
Best performance is obtained with methods la-
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Table 2
Classification performance of the various clustering methods, with the empirical classification as a reference

Clustering method Classification performance

Empirical type Classified as type: Total classification error (%)

1 2 3

1 Average linkage between groups 1 43 0 0
2 0 144 05 7.9Centroid
3 0 17Ward 107

1 436 0Median 0
2 0 144 0 8.9
3 0 19 8

1 434 0Complete linkage (furthest neighbour) 0
2 0 144 0 10.3
3 0 22 5

1 422 1Average linkage within groups 0
2 0 144 0 11.1
3 0 23 4

3 Single linkage (nearest neighbour) 1 43 0 0
2 141 2 1 79
3 27 0 0

Clustering with all nine variables.
Distance measure: squared Euclidean.
Data standardised by variable as Z-scores.

belled 1, 5, and 7, while performance of the single
linkage method (3) is quite poor with the error
approaching 80%. This agrees with general obser-
vations on the performance of the average link-
age, Ward’s, and single linkage methods given in
Section 2 above. Type 1 (U) is classified almost
error-free by all methods, including method 3.
Type 2 (X) is also correctly classified by all but
the single linkage (3) method, where almost all
cases are incorrectly classified as type 1. It is clear
that this method fails to classify the cases into
three reasonably-sized groups, nearly mistaking
them all for a single type (type 1). The single
linkage method has been known to sacrifice per-
formance in the recovery of compact clusters in
return for the ability to detect elongated and
irregular clusters [19]. Type 3 (P) classification is
the main source of error with all the other cluster-
ing methods. For example, 63% of the population
of this type is misclassified as type 2 (X) by
methods 1, 5, and 7.

4.2. Effect of distance/similarity measures

Table 3 shows the effect of using different
distance measures on the performance of the aver-
age linkage (between groups) method. Best perfor-
mance is obtained with the squared Euclidean and
the city block measures, while the Chebychev
measure gives the worst performance. The results
indicate that measures based on differences be-
tween variables perform better than those adopt-
ing other criteria, such as the cosine measure, or
those ignoring much of the available difference
data, such as the Chebychev measure which uses
only the maximum value of such data.

4.3. Effect of data standardisation prior to
clustering

The effect of data standardisation before clus-
tering is shown in Table 4 for the average linkage
(between groups) clustering method and the
squared Euclidean distance measure. With all nine
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Table 3
Classification performance of the various distance measures, with the empirical classification as a reference

Distance/similarity measurement Classification performance

Empirical type Classified as type Total classification error(%)

1 2 3

b Squared Euclidean 1 43 0 0
2 0 144 0f 7.9City block
3 0 17 10

1 42g 1Minkowiski, n=3 0
2 0 144 0 8.4
3 0 17 10

1 41a 2Euclidean 0
2 0 144 0 8.9
3 0 17 10

1 43c 0Cosine 0
2 1 139d 0Pearson correlation 14.5
3 0 27 0

Chebycheve 1 43 0 0
2 144 0 0 78
3 16 7 4

Clustering with all nine variables.
Clustering method: average linkage between groups.
Data standardised by variable as Z-scores.

variables used, it was found advantageous to stan-
dardise the data using any standardisation
method, except that of standardising to mean=1,
which proved inferior to the case of no standardi-
sation. Where used, all standardisation was car-
ried out by variable, since standardisation by case
produced inferior results to the case of no stan-
dardisation, with errors as high as 86% using
Z-scores. Referring to Table 1 (a), since all vari-
ables other than CT–R are percentage concentra-
tions with a maximum value of 100, the major
requirement for standardisation arises in connec-
tion with the CT–R variable which can be as high
as 2250 in the raw data set. It is noted that the
empirical classification [12–14] was performed
without standardisation and using only the three
main variables URATE, OXAL, and PHOS.
Cluster analysis results under the same conditions
give the best matching with the empirical classifi-
cation [12–14], with a total classification error of
:6%. Clustering with all three main variables
excluded produces errors as large as 63%, indicat-

ing the importance of these radicals for classifying
the stones (see Table 4).

4.4. Effect of the choice of 6ariables used in
clustering

The effect of the choice of variables used for
clustering on the classification accuracy was inves-
tigated. As shown in Table 5, excluding the CT–
R variable, the H variable, or the MG variable
alone, and performing the cluster analysis with
the remaining eight variables in each case, causes
only a minor increase in the classification error
(an extra case or two being misclassified) as com-
pared to when all the nine variables were utilised.
Excluding these three variables simultaneously
also has the same effect. When the six variables:
CT–R, H, MG, CA, C, and N are excluded
simultaneously, leaving only the main three vari-
ables used empirically [12–14], we get the same
classification accuracy obtained with all the nine
variables utilised. This shows that these three



R.E. Abdel-Halim, R.E. Abdel-Aal / Computer Methods and Programs in Biomedicine 58 (1999) 69–8176

T
ab

le
4

E
ff

ec
t

of
da

ta
st

an
da

rd
is

at
io

n
by

va
ri

ab
le

pr
io

r
to

cl
us

te
r

an
al

ys
is

on
th

e
cl

as
si

fic
at

io
n

pe
rf

or
m

an
ce

,
w

it
h

th
e

em
pi

ri
ca

l
cl

as
si

fic
at

io
n

as
a

re
fe

re
nc

e

C
la

ss
ifi

ca
ti

on
pe

rf
or

m
an

ce
St

an
da

rd
is

at
io

n
m

et
ho

d
(s

ta
nd

ar
di

sa
ti

on
by

va
ri

ab
le

)

E
m

pi
ri

ca
l

ty
pe

T
ot

al
cl

as
si

fic
at

io
n

C
la

ss
ifi

ed
as

ty
pe

er
ro

r
(%

)

3
2

1

Z
sc

or
es

0
1

43
ii

0
7.

9
iii

R
an

ge
−

1
to

+
1

2
0

14
4

0
3

10
17

R
an

ge
0

to
+

1
0

iv
M

ax
im

um
m

ag
ni

tu
de

=
1

v
S.

D
.=

1
vi

0
M

ea
n
=

1
1

43
0

vi
i

73
0

2
0

14
4

4
3

9
4 3

0
N

o
st

an
da

rd
is

at
io

n
i

1
43

46
83

2
0

61
14

3
0

13 0
0

N
o

st
an

da
rd

is
at

io
n,

ex
cl

ud
in

g
th

e
C

T
–

R
va

ri
ab

le
1

43
0

7.
9

2
0

14
4

3
10

17
0

N
o

st
an

da
rd

is
at

io
n,

ex
cl

ud
in

g
al

l
th

re
e

m
ai

n
va

ri
ab

le
s:

(U
R

A
T

E
,

O
X

A
L

,
P

H
O

S)
0

1
40

3 17
12

7
63

2
0

3
22

5
0

N
o

St
an

da
rd

is
at

io
n,

us
in

g
on

ly
th

e
th

re
e

m
ai

n
va

ri
ab

le
s:

(U
R

A
T

E
,

O
X

A
L

,
P

H
O

S)
0

1
43

0
6.

1
2

0
14

4
0 14

0
13

3

C
lu

st
er

in
g

w
it

h
al

l
ni

ne
va

ri
ab

le
s

un
le

ss
ot

he
rw

is
e

m
en

ti
on

ed
.

C
lu

st
er

in
g

m
et

ho
d:

av
er

ag
e

lin
ka

ge
be

tw
ee

n
gr

ou
ps

.
D

is
ta

nc
e

m
ea

su
re

:
sq

ua
re

d
E

uc
lid

ea
n.



R.E. Abdel-Halim, R.E. Abdel-Aal / Computer Methods and Programs in Biomedicine 58 (1999) 69–81 77

T
ab

le
5

E
ff

ec
t

of
th

e
ch

oi
ce

of
va

ri
ab

le
s

us
ed

in
th

e
cl

us
te

r
an

al
ys

is
on

th
e

cl
as

si
fic

at
io

n
pe

rf
or

m
an

ce
,

w
it

h
th

e
em

pi
ri

ca
l

cl
as

si
fic

at
io

n
as

a
re

fe
re

nc
e

C
la

ss
ifi

ca
ti

on
pe

rf
or

m
an

ce
St

ep
V

ar
ia

bl
es

us
ed

in
cl

us
te

ri
ng

C
la

ss
ifi

ed
as

ty
pe

:
T

ot
al

cl
as

si
fic

at
io

n
E

m
pi

ri
ca

l
ty

pe
er

ro
r

(%
)

3
2

1

A
ll

ni
ne

va
ri

ab
le

s
0

1
43

1
0

14
4

0
7.

9
2

0
10

0
3

17

E
xc

lu
di

ng
C

T
–

R
al

on
e

or
ex

cl
ud

in
g

H
al

on
e

0
1

41
2

2
14

4
0

8.
9

2
0

17
10

3
0

2
43

0
1

E
xc

lu
di

ng
M

G
al

on
e

3
14

3
0

8.
4

2
0 0

11
16

3

0
4

E
xc

lu
di

ng
C

T
–

R
,

H
,

M
G

(C
lu

st
er

in
g

us
in

g
m

ai
n

si
x

va
ri

ab
le

s
on

ly
:

C
A

,
U

R
A

T
E

,
O

X
A

L
,

1
43

1
0

8.
9

14
3

1
P

H
O

S,
C

,
N

)
2

16
11

3
0

0
43

1
0

E
xc

lu
di

ng
C

T
–

R
,

H
,

M
G

,
C

A
,

C
,

N
(C

lu
st

er
in

g
us

in
g

m
ai

n
th

re
e

va
ri

ab
le

s
on

ly
:

U
R

A
T

E
,

5
O

X
A

L
,

P
H

O
S)

0
7.

9
2

0
14

4
3

10
17

0

E
xc

lu
di

ng
th

e
m

ai
n

va
ri

ab
le

s:
U

R
A

T
E

,
O

X
A

L
,

P
H

O
S

0
1

42
6

1
11

.2
2

0
14

4
0 4

0
23

3

C
lu

st
er

in
g

m
et

ho
d:

av
er

ag
e

lin
ka

ge
be

tw
ee

n
gr

ou
ps

.
D

is
ta

nc
e

m
ea

su
re

:
sq

ua
re

d
E

uc
lid

ea
n.

D
at

a
st

an
da

rd
is

ed
by

va
ri

ab
le

as
Z

-s
co

re
s.



R.E. Abdel-Halim, R.E. Abdel-Aal / Computer Methods and Programs in Biomedicine 58 (1999) 69–8178

variables are key parameters for the classification
of the stones data being considered and that their
choice as a minimum set of classifiers [12–14] is
quite appropriate. Adding more variables does
not significantly improve the accuracy of classifi-
cation by cluster analysis. The last entry in Table
5 shows the results obtained by clustering with the
main three variables (ORATE, OXAL, PHOS)
excluded, giving the poorest total classification
error of 11.2%. Deterioration in performance is
negligible on types 1 and 2, but is quite significant
for type 3 where the within-type error rate in-
creases from 63 to 85%.

Limiting the number of variables to only three
(ORATE, OXAL and PHOS) simplifies further
analysis involving the average squared Euclidean
distance to the group centres. Using data on
variable averages without standardisation (Table
1 (a)), the average distance matrix to group cen-
tres is given by:

D=Ã
Ã

Ã

412.0
8150.7
7629.1

8517.3
44.3

1689.4

7670.3
1363.5
370.1

Ã
Ã

Ã
(1)

The element in row i and column j, dij ; i, j=1,
2, 3 is the average distance within group i to the
centre of group j. Diagonal elements of the square
matrix reflect within-group spread, while other
elements indicate between-group separation. For
example, d22 measures the spread within type 2
stones, while d23 measures how much type 2
stones are further removed from the centre of type
3 and, therefore, how unlikely it would be to
misclassify them as type 3 by a clustering al-
gorithm. The smallest spread is seen to be within
type 2, while type 1 exhibits the widest within-type
spread. Accurate discrimination between the vari-
ous types requires small within-type spread and
large inter-type separation. Normalising the ele-
ments of each row to its diagonal element gives:

D%=Ã
Ã

Ã

1
184
20.6

20.8
1

4.6

18.6
30.8

1
Ã
Ã

Ã
(2)

High values for the normalised (non-diagonal)
elements in a row indicate potential for good

discrimination for the stone type corresponding to
that row. The normalised matrix above suggests
that best performance would be expected for type
2. It appears highly unlikely that type 2 stones are
classified as type 1 (d %21=184). Worst perfor-
mance is expected to manifest itself in misclassify-
ing type 3 as type 2 (d %32=4.6). Cluster analysis
results given in the last entry of Table 4 confirms
these expectations.

Standardising the data for the three main vari-
ables as Z-scores by variable gives D% as

D%(Z−scores)=Ã
Ã

Ã

1
58.2
7.6

21.8
1

4.6

27.9
41.9

1
Ã
Ã

Ã
(3)

Comparison between Eqs. (2) and (3) indicates
that, using only the main three variables
(ORATE, OXAL, PHOS), clustering without
standardisation promises better overall results. In
this case the average linkage (between groups)
method gave the best classification performance,
as the last entry of Table 4 shows. Comparison
with entry 5 in Table 5 for clustering with the
main three variables using Z-scores standardisa-
tion shows that classification error for type 3 is
reduced from 63% with standardisation to 48%
without standardisation.

4.5. Clustering with only one 6ariable

In the empirical classification [12–14], each of
the three stone types was determined by a simple
test on each of the three main variables, as given
by the classification rules in Section 1. It is inter-
esting to see how cluster analysis performs when
operating on the chemical analysis variables indi-
vidually. Using only one variable at a time, stan-
dardisation has no effect. Clustering with the
URATE variable alone into two classes only [type
1 (U) and non-type 1 (X and P combined)]
matches the empirical classification [12–14] to 1%
as shown in Table 6. The table also shows the
results of using each of OXAL and PHOS to
separate type 2 (X) and type 3 (P), respectively in
2-cluster solutions. Shown also are results ob-
tained when using the remaining six parameters
individually for cluster analysis in light of expec-
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Table 6
Classification performance using only one variable at a time, with the empirical classification as a reference

PerformanceSingle variable used in clustering

Classification of empirical stone types Total classification error (%)

Type Classified as type

1 2 and 3
URATE1 1 41 2 0.9

2 and 3 0 171
2 1 and 3

2 1442 0OXAL 11.2
1 and 3 24 46

3 1 and 2
PHOS3 3 10 17 7.9

1 and 2 0 187

1 2 and 3
1 40 3CT–R4 1.4
2 and 3 0 171
1 43 0CA5 0.0
2 and 3 0 171
1 38 5H6 2.3
2 and 3 0 171

N7 1 39 4 1.9
2 and 3 0 171

2 1 and 3
2 144 0C8 14.5
1 and 3 31 39

3 1 and 2
3 4 23 10.79 MG
1 and 2 0 187

1 2 3
10 C 1 39 4 0

2 0 144 0 9.8
3 0 17 10

Clustering method: average linkage between groups.
Distance measure: squared Euclidean.
All are 2-cluster solutions, except for the last entry where a 3-cluster solution is used

tations for each variable mentioned in Section 2,
based on the disparity between type averages for
each variable as listed in Table 1 (a). Results
indicate that CA perfectly separates type 1 stones
from the rest of the population with no errors,
outperforming even URATE for this purpose.
Each of CT–R, H, and N adequately performs
this task with a slightly poorer accuracy. C ions
separate type 2 from the rest of the population
with a modest accuracy of 14.5%, but can serve as

a single classifier for all three stone types with an
overall accuracy of 9.8%. The percentage C ions
are maximum for type 1 stones (20.05–35.81) and
minimum for type 3 stones (3.0–16.86). For type
3 the values fall in the middle (11.53–23.53).
Overlap between the three ranges accounts for the
difficulty in attaining complete separation be-
tween the three stone types and the largest over-
lap between types 2 and 3 leads to the largest
error. The results confirm the usefulness of ele-
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mental microanalysis parameters in the quick
identification of urinary stones [12–14].

5. Conclusions

Cluster analysis techniques were used for the
classification of non-infection urinary stones into
three stone types, based on chemical analysis
data for nine variables. Results are generally
supportive of earlier findings by a simple empiri-
cal classification scheme [12–14]. Best agreement
between the empirical and cluster analysis re-
sults (total error=6%) is obtained by clustering
with the main three variables (URATE, OXAL,
PHOS) (without standardisation) using the aver-
age linkage within groups method and the
squared Euclidean distance measure. Using all
the nine variables in clustering does not improve
performance. Excluding the three main variables
increases the error considerably (to 63%), indi-
cating their importance as classifiers. Stan-
dardisation of the data by variable has no sig-
nificant effect unless CT–R is included, due
to its significantly larger values. Therefore, the
empirical rules of Section 1 provide a simple
and effective means of classifying the stones.
The study confirmed the effectiveness of other
single parameters, such as CT–R, CA, H, N
in separating type 1 stones from the rest of
the population. C alone can classify all three
stone types with an overall accuracy of 9.8%.
Performance with other clustering methods
and similarity and distance measures generally
agrees with properties documented in the litera-
ture.
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