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Abstract

The aim of this work is to study the suitability of some techniques
in the clustering of loan banking contracts. We start by presenting
two optimization problems that eventually lead to two clustering al-
gorithms - the single-link and the k-means. We further compare both
methods based on certain assessment techniques, space and time com-
plexity, and conclude that the k-means method is more appropriate
in view of forecasting customer behaviour.

Keywords: cluster, loan banking, algorithm, g%dph theory, single-link, K-
means, complexity

1 Statement of Problem

In economics, social problems, science and technology, numerous questions ,
of clustering finite sets arise. The present survey article was stimulated by

*Supported by DAAD under grant number A /001 /31321, at Chemnitz Univer-
sity of Technology.
tVisiting professor at Chemnitz University of Technology.
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the cluster analysis from loan banking [18], done in cooperation between
German ”Bausparkassen” and the Center for Applied Computer Science,
Cologne (ZAIK). Here, the contracts (accounts) with completely known ”sav-
ing phase” have to be partitioned for purposes of liquidity planning. Our
article gives a small survey and an outlook as well.

A solution to the cluster problem is usually to determine a partitioning that
satisfies some optimality criterion. This optimality criterion may be given in
terms of a function f which reflects the levels of desirability of the various
partitions or groupings. This target is the objective function.

Assuming there are n accounts (objects) and m features for each account we
seek to partition these n accounts in m dimensional spaces into meaningful
clusters, K in number. The clustering is achieved by minimizing intracluster
similarity and maximizing intercluster dissimilarity.

Mathematically, the problem can be formulated as an optimization problem
as follows:

For a given or to be suitably chosen K € N,

min f(C) (1)
subject to C = (Cy,...,Cy), CU...UC, =11,

whereby IT = {z,,...,z,} is the set of objects to be grouped in K disjoint
clusters Cy. Finally, f is a nonnegative objective function. Its minimization
alms at optimizing the quality of clustering.

2 The Method

Generally, it is possible to measure similarity and dissimilarity in a number
of ways, such that the quality of the partition will depend on the function f
in (1). In this paper, we investigate clustering based on two different choices
for f.

In our first method,

C) := maxd(z;,z;) — mi i Az, x;
fust(C) max (ri, 1)) Duip g (T4, ;5) (2)



The minimization of fyrs7 means the maximization of the minimum distance
between any two clusters. Note that the first term on the right hand side
does not depend on C. The criterion fy;s7 can be interpreted! as the ”com-
pactness of the clustering”. There are efficient (polynomial time) algorithms
for this kind of problem.2

In our second method,

K ny m

20 =331 (@~ 5y)? (3)

k=1 =1 j=1

which measures the distance of the objects from the centroids 2y, of their
respective clusters. Hereby,

nk:=|C’k ,, Ckz{xlk,...,xnkk} (k‘zl,,K)

and

d(iEi, iEj) = Z(ﬂ?ik - .’L'jk)z,
k=1
is the Euclidian metric. The problem of minimizing fs~ has been shown to
be NP-hard.?

A direct way of solving the cluster problem is to evaluate the objective
function for each choice of the clustering alternatives and then choose the
partition yielding the optimal (minimum) value of the objective function.
However, this procedure is not practical even for small values of n and K as
the following lemma?* shows.

Lemma 1 The number of ways of partitioning n elements into K groups 1is
determined by Stirling’s number of the second kind S:

'See Vannahme, 1996, [18]

®See Vannahme, [18].

#No one has so far been able to develop any polynomial time decision algorithm for this
problem. It has been shown that it corresponds to the hardest problems in the N P-class.
See [18], page 58: reduction of 3SAT problem. For more information about complexity
see Garey and Johnson, 1979, [10].

“A proof of this lemma can be found in [2].



That is, with n = 10 and K = 4, there are 34,105 ways of partitioning 10
objects into 4 clusters. This number becomes computationally explosive as
n increases, making it impractical to solve for the optimal partition by com-
plete enumeration. The computational running time for such an optimiza-
tion problem increases exponentially. This leads us use heuristic algorithms,
which in many cases will provide only good approximate solutions.

3 Clustering Algorithms

Hierarchical Algorithms

Clustering techniques are referred to as hierarchical if the resultant subdi-
vision has an increasing number of nested clusters. Otherwise, they are
non-hierarchical.

Hierarchical techniques can be further classified as either divisive or agglom-
erative. A divisive (deglomerative}) method begins with all objects in one
cluster. The cluster is gradually broken down into smaller and smaller clus-
ters.

In an agglomerative hierarchical clustering process one starts with each of
the n objects in a single object cluster and groups the two nearest (or most
similar) objects into a cluster, thus reducing the number of clusters to n — 1.
The process is repeated until all objects have been grouped into the cluster
containing all n objects.

A formal definition of a hierarchical technique for our purposes is presented
as follows:

Definition 1 Let IT = {x1,...,2,} be a set of n objects. A system

S = (C1,Cs,...,Ck) of subsets of Il is called a hierarchy of I if all sets
C1,Cy, ..., Ck CII are mutually different and if for any two sets Cy, C; C 11
with Cy, # C; only one out of the following three possibilities can occur

C’kﬂCl:Q) or CkCCl or C[CC[C
The sets in S = (Cy,Cy,...,Cx) are known as the classes of II.

Hierarchical techniques are used when the number of clusters is not specified.
A serious disadvantage of this technique is that the fusing or dividing process
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cannot be reversed.
We shall be concerned in this paper with a hierarchical agglomerative method.

Partitioning Algorithms

Clustering techniques are referred to as partitioning if process leads to the
object set IT being grouped into K clusters. The number of clusters K is pre-
determined and one starts with an arbitrary start partition into K clusters.
The idea is to improve on this partition step by step. The advantage of this
method is that objects can move freely from one cluster to another. By so
doing, the final partition will be good even if the start partition was poor.
The difficulty here is a priori to fix the number of clusters X that would be
reasonable. This is a difficult question; the best thing to do is to vary K
suitably as a parameter.

3.1 The Single-link® Hierarchical Clustering Algorithm

The hierarchic agglomerative® single-link algorithm which is used to solve
optimization problem (1) with the objective function (2), interpreted within
the context of graph theory, is the search for a minimum spanning tree’
(MST) from which edges are deleted in order of decreasing length [1].

The connected sets after deletion are the single-link-clusters. The order of
deletion and the structure of the MST ensure that the clusters will be nested

into hierarchy.

The objects to be clustered are regarded as the set of vertices II of a graph.

®Single-link methods are hierarchical techniques which search for d-clusters in a graph
defined by the set IT = {z,..., zn} of objects (vertices).

6At each step, an agglometative singe-link algorithm fuses d closest connected compo-
nents to a new connected component. It starts with each object as a cluster and ends with
all objects in one cluster. The distance between two components or clusters is defined as
follows: dist(Cy, C)) := ming;ec, z;ec, d(z;, z;).

“Given n points in the m-dimensional Euclidean space, a tree spanning these nodes
(vertices) is a set of edges joining pairs of vertices such that (1.) no cycles occur, (2.) each
point is visited by at least one line, (3.) the tree is connected. Here, (3.) means: any two
points are connected by a finite sequence of neighbouring edges (i.e., by a "polygon” ).
The length of a tree is the sum of the lengths of the edges which make up the tree. The
minimum spanning tree is then defined to be the tree of minimum length. These ideas
come from graph theory.



These together with the set E(IT) of induced edges (i.e., all possible) form
a complete graph G = (II, E(I1)). The length of the edge between any two
vertices z; and z; is the dissimilarity d(z;, z;) between both objects.

Let A = (T45)ieq1,...n},je{1,...m} De an object matrix of size n x m with n ob-
jects each with m attributes®. In our specific case of the loan bank (” Baus-
parkassen”) the objects represent accounts and in general, n ranges from
500, 000 to 3,000,000. A hierarchical clustering method is a procedure for
transforming the dissimilarity matrix into a sequence of nested partition [11].
The direct input to the hierarchical clustering is the dissimilarity matrix D,
which is usually generated from an object matrix A. Each entry of the dissim-
the rows and columns of object matrix A. Because the Euclidean distance
is the most common Minkowski metric, we use the Euclidean distance to
measure the dissimilarity between objects. That is,

m

di,k = Z(IEU - .’).".kj)z, 0 < i, k <n

k=1

The output of a hierarchical custering algorithm can be represented by a
dendogram (i.e., a level tree of nested partitions). Each level (denoted as
li;1 <4 < n, consists of only one node (different to the regular tree), each
representing a cluster. We can cut a dendogram at any level to obtain a
clustering. '

Definition 2 Two vertices of a graph are said to be d-connected if there
erists a sequence of vertices T; = xy,...,Tp = Zj;, such that the distance
between z; and 141, L € {1,...,k — 1}, is always less than d.

Definition 3 A subset C of vertices of Il is called a d-cluster in any of the
following cases:

1. each two vertices from C are d-connected,

2. wvertice x; € C being d-connected with vertice z; implies:
z; 18 also in C.

8See [20].



Therefore, a d-cluster is a connected component with each edge having length
less than d. Prim’s theorem [16] says

Theorem 1 Let IT be a set of vertices, T a minimum spanning tree of G =
(IT, E(IT)). Moreover, C,...,Cx be the clusters we obtain after deleting
from T all edges longer than d. Then, C,, . .. ,Ck are all d-clusters.

Therefore, the problem is reduced to one of determining a minimum span-
ning tree of I and delete all edges longer than d.

The problem of finding the minimum spanning tree can be solved by an effi-
cient algorithm which leads to an optimal solution [1].

In the following, we present Prim’s algorithm for the single-link technique.
The idea is to first obtain the minimum spanning tree and delete the longest
edges from it successively.

Step 1 Fiz an upper bound 7,,,, € {i,...,n} for the number of clusters.
Put all objects in one cluster.

Step 2 Sort the longest T4 edges in decreasing order. Put t:=1.

Step 3 Delete the longest edge from the tree and place each of the objects of
the resultant subtrees in a separate cluster.

Step 4 Ift = 14,0 stop, else put t:=t+1 and go to step 3.

This algorithm requires time complexity of O(n?) and O(n?) space complexity
to group n objects into K clusters [16].

3.2 K-Means

Optimization problem (1) with the objective function (3) is usually referred
to as error sum of squares or centroid clustering method.

The centroid method minimizes the objective function fx for a given K
and partition C' = (Cy,...,Ck) of the n objects IT = {z1,...,2,} into K
clusters. Here, Z; is the centroid of the cluster C; (j=1,...,K). such that

K

RO =33 llei—% |2 (4)

k=1 .’lfieck
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Note that here we have eliminated the square root from (3). The centroid Z;
of each cluster C; is defined as follows:

1 {Ckl
Zji C 'lel for i=1,...,m
=1

This definition of the centroid as a mean value vector of the elements in a,
cluster necessarily guarantees optimality for that single cluster.® The prob-
lem of obtaining a partition C of all objects in K elusters minimizing (3) has
been proven to be NP-hard [14]. Therefore we are left with the choice of
heuristic algorithms which yield good (not necessarily optimal) solutions in
acceptable time.

A general algorithmical partitioning technique for this problem can be stated
as follows:

Phase 1 Put the number K of clusters equal to a selected integer and choose
the mazimum number of iterations. Furthermore, choose an initial partition
and compute the centroids.

Phase 2 Create a new partition by assigning each object to its nearest cen-
troid.

Phase 3 Compute the new centroids.

Phase 4 Repeat phases 2 and 8 until either the objective function no longer
improves or the mazimum number of iterations is attained.

Phase 5 Delete empty clusters.

Minimum Distance Method
The process in phases 2 and 3 is referred to as minimum distance method
and produces a minimum distance partition.

Definition 4 A partition C = (Ci,...,Ck) is called ¢ minimum distance
partition if each object is assigned to the cluster from whose centroid its
Euclidean distance is the shortest:

z; € C; & d(z;, %) = k:qlinK d(z;, Z})

9See [17], page 18.



The following theorem [17] implies that clustering due to minimum distance
partition is uniquely determined by the cluster centroids.

Theorem 2 The minimum distance method produces a separating hyper-
plane between any two clusters with different centroids of a minimum distance
partition.10

In fact, the proof verifies that the hyperplanes
{zeR™| lz-Z:=lz-% .} (¢+#p)
fulfill the desired properties.

Theorem 3 The iterated minimum distance method converges.!

Here, we repeat the proof.

Proof
Let C® be the partition after ¢ iterations. It follow that

K
@) = 3" N Jlzi—7 |2

k=1 gec®
K
. ~ 112
> >, > min lm-53
k=1 131'€C,£t+1)
K
= > a0 )2
k=1 .l'iGC',(ct)
K
> 3> o -2
k=1 gec®
— fz(c(t+l))

This algorithm will stop since fs~(C) falls monotonically and it is bounded
below by zero, and the number of ways to group n objects in K clusters is
finite. OJ

19For a proof see [17], page 34.
'1See Spaeth, 1983, [17], page 29.




The Exchange Procedure

This technique serves to improve the minimum distance method. This tech-
nique systematically moves an object to a new cluster. In order to get the
effect of this movement on the objective function it is necessary to have
updating formulae that indicate the change in the square-error norm and
centroid of a cluster C}, when an object z; is either added or removed from
it.

The Updating Formular when an Object is Added
Let Cq = C, U {z;}, ;¢ Cp. The new centroid for C, will be

- 1 1
2, = — T = E T + z; =
q 1
n n, +1
q z€Cy P + z€Cq

y+ 1 (np2p + 7:) (5)

For the error sum of squares norm fg:(Cq) of a cluster C;; we obtain the
following formula

Ny

— Iz = 2 |I3 (6)

f}E‘(Cq) = fij(cq) +

The Updating Formular when an Object is Removed
Let C;, = C,\{zi}, z,€C, n,>1 Then

1

zg = ny— 1 (npZp — ) (7)
and n
£5(C) = (G~ N2 - 5 |3 ®
P

The exchange procedure can now be defined by means of these updating
formulas.

e Step 1 Fix the number of clusters and the maximum number of itera-
tions. Choose an initial partition and and compute the centroids.

s Step 2 Create a new partition by assigning each object to the closest
centroid.
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¢ Step 3 For each object z; € Cy, test systematically to find out whether
a cluster C; exists for which the square-error norm improves if z; is
moved into it. That is, if

Nk
Tbk—l

|z — 2 ll3< Il zi — 2 |3

occurs, z; is moved from cluster Cj, to cluster C,. If at least one such
cluster exists, then move z; to the cluster that causes maximum im-
provement in the objective function. Compute the new centroids.

» Step 4 Repeat steps 2 and 3 until either no other exchanges are nec-
essary or the maximum number of iterations is attained.

Theorem 4 The exchange algorithm converges to a minimum distance parti-
tion. This partition may not be globally optimal but may be a local minimum.

The proof of this theorem can be found in (18], page T1.

Running Time and Space Considerations

The space complexity increases linearly since only the objects themselves
are stored. The running time of the algorithm is O(cnK), with ¢ being an
iteration constant that depends on the number of objects, the norm and the
structure of the data. Each iteration requires O(n+ K) steps to compute the
centroids and O(nK) to compute a new minimum distance partition. The
switching algorithm also requires O(nK) steps [18].

Based on time and space complexity considerations, therefore, the centroid
algorithm is appropriate for handling large data sets.

4 The Clustering Process

The clustering results are to be used to carry out simulations of future cus-
tomer behaviour. The aim is to identify groups of customer accounts that
behave similarly within a specific period based on known data from a real
loan bank ”Bausparkasse”. This should enable the forecasting of customer
behaviour for a future period.

Let A = (:vij)ie{1,._,,71},]-6{1,_,,,,,”, as suggested above, be an object matrix of
type n X m with n objects each with m attributes. In our specific case of a
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loan bank the objects represent accounts. In general, n ranges from 500,000
to 3,000, 000.

The relevant account attributes are separated into two groups - the nom-
inal and the rational ones.'> The entire set of accounts is first of all filtered
into subgroups based on the following nominal attributes : account owner
natural or legal entity®®, tarif'*, taz discounts'®, loan advance'®, major ac-
count'” and phase’®.

The data is then partitioned using either the centroid or single-link method.
We dwell on the following five attributes: nominal amount, savings, saving
coefficient, eligibility coefficient and age of customer. Since the attributes are
not all of the same units, they have to be scaled in order to be comparable
and also normalized.'®

The following attributes are worthy of explanation:

« Nominal amount: amount to be saved by customer plus loan to be
obtained from building society (loan bank) as specified in the contract
upon opening of account.

» Savings coefficient: savings in an account as a fraction of total nom-
inal amount of accounts not yet approved for loan.

¢ Eligibility coefficient: an assessment of the intensity of saving with
time = fOT savings(t)dt, t being time.

12Vannahme [18], page 80. If data is on a nominal scale, then one can only compare
them if they are the same or different. On the other hand, if data is rational, then one
can even measure distances between objects.

131egal entities are allowed to own accounts at the loan bank.

14See Vannahme, [18], page 133: A tarif describes the conditions underlying each class
of accounts, e.g., loan interest etc.

15The German government grants incentives to some tarifs.

16There is the possibility of obtaining an early loan at an interest rate higher than that
guaranteed by the contract at maturity.

1"Here we mean accounts that at the beginning make a huge one-off saving and thereafter
continue saving in very small bits.

18The phase considered here is the saving phase. In this phase the customer has to a
great extent free decision.

9For a more detailed discussion of scaling and normalization of variables see Van-
nahme [18], pages 83 and 110.
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cluster | number | nominal amount [ saving | saving coefficient
1 182 ' 7 27.1 116
2 92 11 11.1 366
3 28 59 8.4 152
4 108 15 8.1 209
5 151 14 10.6 154
6 185 15 5.4 24
7 158 19 8.7 95
8 34 59 5.9 35
9 267 10 14.9 59
10 127 7 40.4 189

Table 1: Distribution of accounts in clusters, clustered by nominal amount,
saving saving coefficient [18]

The dissimilarity measure used is the weighted Euclidean metric

d(zi, ;) = Z Ak (Tie — T5)?,
k=1

whereby A, >0, Y7 A =1.

From Section 3, it is clear that the single-link method is not suited for huge
(more than 5,000 objects) data sets. Therefore, we concentrate more efforts
on the centroid method.

Centroid Method
Clustering by the centroid method is carried out on data, initially filtered
into subgroups using nominal criteria as indicated above.

The number of objects in each subgroup is greater than 100 on the average
(see Table 1). This is necessary for later forecasting if meaningful probability
distributions are to be achieved.

This method is implemented as follows: Keep applying the minimum dis-
tance method until the error sum of squares norm no longer gets improved.
Then apply the exchange procedure. If the exchange procedure causes im-
provement, apply the minimum distance method again.

For 50,000 accounts the number of minimum distance iterations recorded lies
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between 200 and 300. The number of exchange iterations recorded lies be-
tween 5 and 10.

Carrying out the centroid method on a SUN SPARC server 1,000 computer
with a SPARC processor to group 50,000 objects in 100 clusters took 225.75
minutes [18].

Single-Link

The single-link algorithm is particularly suited for identifying geometrically
non-elliptical structures in a set of objects. The forecast obtained by imple-
menting the single-link algorithm to cluster loan banking accounts is not very
meaningful. Almost all combinations of attributes will contain an account
that saves at the regular rate.20

5 Clustering Assessment Techniques

Due to their diverse mathematical representation, it is extremely difficult to
compare clustering algorithms from a purely mathematical perspective. Be-
sides, the suitability of an algorithm will usually depend on the dissimilarity
measure and type of data?!, as well as the relevance to the investigation un-
der study. For the purposes of this paper, the relevance is associated with
good forecasting.

The following indices?® have been used to measure the relative suitability
of a clustering method as compared to another in this paper .

Huberts I'-Index
The natural structure of the data is represented by the symmetrical dissimi-
larity matrix

D= (dij)i,je{l,...,n} with dij =|| z; — z; ||2 for two objects Ti, Tj

20Fach tarif fixes a percentage of the nominal amount that should be saved each agreed
period.

1See Vannahme, (18]: The single-link method for instance easily detects non-elliptical
structures in data. For elliptical structures, however, the results are sometimes useless.

??See Jobson, [8] and [9].
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The structure obtained after clustering is also represented as a symmetrical
n X n matrix defined as follows:

Y = (vij)ijer,.m

with Yis =  Cel(z;).cl(z;)
whereby ¢;; = d(’Z\k, z1)
’z\k = — Z Z; a,nd
k mzeck
cl(z;) = k, if object z; lies in cluster &

That is, the distances between cluster centroids associated with the respective
objects make up the elements of the matrix. The simple I'- index takes the
following form

n-1 n
P=>" > X(i,j)Y(5,5): ZZdwyU
=1 j=i41 i=1 j=i+41

The larger the value of the I'-index is, the closer is the clustering, to the
structure represented by the matrix D.

The normalized I'-index takes on values between —1 and 1 and it is of the
following form:

MZ Z—H-l( (4,7) — mz)(Y(i,j)—my)

' =
Sz Sy
whereby
n(n —1)
M =
2
1 n—-1 n
M i=1 j=i+1
1 n—-1 n
my = MZ Y(Z,_])
=1 j=i+1
1 n—-1 n
S: = MZ X?(i,5) — m?
i=1 j=i+1
1 n-1 n
S2 = 7 Y2(i,5) —m2
i=1 j=i+1



A disadvantage of the I'-index is that it requires quadratic runningI time
owing to the fact that the dissimilarity matrix is used.

Davies-Bouldin Index
This index relates the looseness and the compactness of a cluster. For two
clusters C; and Cj it is defined as follows:

€; + €

Rj’k - diSt(Cj, CL)

Here, €; is the mean distance from the centroid and dist(C;j, Cy) is the dis-
tance between the centroids of cluster 5 and cluster k.
The index of the kth cluster is

Ry = max(R; )
j

The Davies-Bouldin index for the entire clustering is
1K
DB(K)= =) Ry, K>1
09 = e 2R

The smaller the index, the better the clustering with regards to its compact-
ness. This is because in this case the cluster diameter is small as compared
to the cluster distances from one another. The index value is zero in case the
number of clusters equals the number of objects.

Sum of Squares Norm
The objective function fs~ of the centroid method offers a possibility of com-
paring clusterings. The sum-of-squares norm measures the compactness of
the clusters. The smaller its value, the more compact the clusters are with
regards to the attributes.

Component Index

The component index F* measures the contribution of each object compo-
nent (attribute) to the clustering. The sum-of-squares norm is computed for
each attribute ¢

K
E® = Z Z (zji — Z)® for i=1,....m

k=1 x;ECy,
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Now, E® is used as the index for each attribute i to be considered in an

overall index & involving all the k clusters. For i =1,..., m we get
K N K A
b= ()2 -22) = (Z o @*‘)2) w22,
k=1 k=1

whereby 7 = (21, el Em) is the mean vector of all objects. The weighted

quotient
bi
Fi=EL for i=1,...,m
n—K

is an index for the looseness of the individual clusters with regards to an
attribute.

The larger the value for F, the more the attribute ¢ will be similar in the
individual clusters.

It is always advisable to assess with as many indices as possible, since the
various indices consider differing aspects of clustering.

6 Results and Discussion

The single-link algorithm is particularly suited for identifying non-elliptical
structures in a set of objects. The forecast obtained by implementing this
algorithm to cluster loan banking accounts is not very meaningful. Almost
all combinations of attributes will contain an account that saves at the regu-
lar rate®®. The single-link algorithm always isolates these, since it fuses any
two clusters having the nearest neighbours. This implies the fact that the
algorithm detects customers with very irregular behaviour and places each
of them them in a single cluster while the rest of the accounts are placed in
a single common cluster.

Upon grouping 150 accounts in 30 clusters one gets about 20 clusters each
containing just one or two customer accounts. The rest is in the remaining
10 clusters. Even changing the clustering criteria would not change anything.

The fact that a few clusters are heavily loaded whereas most are almost

23Each tarif fixes a percentage of the nominal amount that should be saved in each
agreed period.
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nominal amount | saving | saving coefficient
cluster 1 29.75 4.31 29.46
cluster 2 97.40 0.05 12.77
cluster 3 9.34 16.04 51.06
cluster 4 99.20 0.06 25.75
cluster 5 99.55 28.20 39.80
cluster 6 24.42 5.04 58.03
cluster 7 99.11 1.66 4.82
cluster 8 25.37 23.56 40.22
cluster 9 99.65 1.77 15.86
cluster 10 47.09 30.89 40.48

Table 2: Centroids of the first 10 clusters [18]

empty, does not guarantee meaningful statistical results, for which the clus-
tering is actually intended. Therefore, the single-link method cannot be used
to cluster customer accounts of loan banking. This is because the clusters
would subsequently have to be used to do forecasts based on probability dis-
tributions.

Table 2 presents results obtained from the centroid method for the first 10
clusters.

On the other hand, this algorithm makes use of the dissimilarity matrix or
it has to compute object distances at each iteration. The running time in-
creases quadratically as a function of the data size. Therefore, this method
is not very useful for the data set currently under investigation.

Results obtained by using these two algorithms can be compared with the
help of the indices discussed in Section 5.

Both methods correspond to two different objective functions of the general
clustering optimization problem. For comparison purposes 3,686 customer
accounts are considered, each of which is in the saving phase®* for one year.
The clustering criteria were nominal amount, saving and saving coefficient
for each contract.

24In loan banking, a contract evolves in three main phases: saving phase, assignment
phase and loan phase [13].
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The Davies-Bouldin index for the single-link method is lower. This is be-
cause the Davies-Bouldin index gives higher values for clusters with more
objects. The single-link method sorts out the ”outliers” in individual clus-
ters, resulting to small numbers of objects in many clusters.

On the other hand, the Davies-Bouldin index measures the looseness of the
cluster and obviously obtains low values for the single-link method.

The centroid method distributes the objects relatively uniformly amongst
the clusters.

The I-index compares the distance of the objects amongst one another to
the distance in-between the cluster centroids. The I'-index of the single link
method differs greatly from that of the centroid method. This index assesses
the single-link method to be worse than the centroid method. This is due to
the fact that the single-link method builds rings which do not stand out very
clearly on this data set.

The error sum of squares norm for the single-link method is higher than
that of the centroid method.

A comparison of the component index of the attributes being used reveals
that the centroid method is far better than the single-link method. The com-
ponent indices of the single-link method are a lot worse than those of the
centroid method.

7 Conclusion and Outlook

Based on the various indices, one can conclude that the centroid method is
suitable for the forecasting. The single-link method can be used to sort out
contracts with perculiar properties (outliers) amongst the contracts.

The hierarchical clustering algorithm single-link is not suitabe for forecasting
for two main reasons.

Firstly, it requires too much space (storage). An attempt to minimize it leads
to an equivalent increase in running time. This is caused by the fact that
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this method uses the dissimilarity matrix as a basis of its computations.
Secondly, the single link method cannot be used to identify clusters in the
basis year against the year for which forecasing is sought. This is because
clustering is strongly related to the distances between contracts.

The single-link method could, however, be useful for other problem sizes
and other objectives. Even the running times for large problems seem to be
within acceptable limits.

As two further approaches of evaluating discrete data we mention automati-
cal classification (see [4]) and formal concept analysis (see [7]).

The authors intend carrying out future research on the following topics:

e application of cluster methods on portfolio optimization (stocks and
bonds), life insurances and pensions,

¢ comparison of exact and heuristic algorithms under the criteria of both
quality of the solutions (error bounds) and complexity,

s investigation of traffic on highways by means of cluster methods: find-
ing "typical drivers”. This project of ZAIK and momatec company
(Aachen, Germany) aims at traffic regulation and, finally, navigation
systems.
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