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Abstract— Association rule mining is one of the most important Each,A, B and C is an item| and, thus, an element of
procedures in data mining. In industry applications, oftenmore  the set of all possible itemR. They can be grouped into
than 10,000 rules are discovered. To allow manual insepeoti three different item-sets. The left-hand-sideHS ) fA; B g

and support knowledge discovery the number of rules has . . -
to be reduced signi cantly by techniques such as pruning or the right-hand-sideRHS) f Cg, and both sidesHS) together

grouping. In this paper, we present a new normalized distane fA;B;C g. Generally speaking, a rule can be written in the
metric to group association rules. Based on these distancean following form.

agglomerative clustering algoritm is used to cluster the riles. Also

the _rules are embedded _in a vector space by multi-dimensiomha LHS ! RHS (s;0) (1)
scaling and clustered using a self organizing feature map. fie
results are combined for visualization. We compare various

distance measures and illustrate subjective and objectiveluster Vhere
purity on results obtained from real data-sets. LHS R )
I. INTRODUCTION RHS RnLHS 3)

A. Motivation

Massive amounts of data are being generated and stored BS = LHS [ RHS (4)

every day in corporate computer database systems. Min'ﬁ _ - . .
association rules [2] from transactional data is becoming%P gsetto;all_;c;;ns)?\ctu%rrt]scontalnlrgg afpartli:ul_arétem-zm
popular and important knowledge discovery technique [8f. F'SII enoted witm(X ). The suppork of a rule is de ned as
example, association rules (ARs) of retail data can provi&% ows -

valuable information on customer buying behavior. The num- s= Jm(ﬂ (5)
ber of rules discovered in a real data-set can easily exceed Ir)
10,000 To manage this knowledge, rules have to be prum\?v%erejrj is the number of transactions in the database

and grouped, so that only a reasonable number of rules h:t\)/ ; . .
) . nlike logic rules, association rules do not have to holdlin a
to be inspected and analysed. In this paper we propose a new

. . cases. The following de nes the con denceof a rule -
distance metric between two ARs. and propose a new grouping
methodology using multi-dimensional scaling (MDS) and sel im(BS)j
organizing maps (SOMs). The following subsection de nes c= jm(LT)j (6)
the terms used in this paper.
In the association rule mining process, both support and
B. Notation con dence, have to exceed a certain threshold in order to be

. . .__discovered. These thresholds are denotedd , respectively.
A relational database consists of a large set of transactions

t. A market-basket (MB) is the set of all the transactions
occurring during one shopping session of a customer. Eaéh
market-basket consists of one or more itemswhich are
either present (1) or absent (0). Let us look at the following In this paper, we propose a new distance metric to cluster
exemplary association rule (AR) association rules (section Il) which improves the metrio-pr
posed in [8]. Based on the distance metric, we propose a new
Electric Wiring Light Bulb ! Lighting Fixture(0:01,0:7)  agglomerative clustering technique (section Il). Moregv

This association rule expresses that, when a customer b\lﬁ\?-sembed the d.istancc.as u.sing multi-_dimensional sc_aling and
Electric Wiring and a Light Bulb, there is 20% chance that cluster the resulting points into a Euclidean space usingla S

he also buys a Lighting Fixture at that time. Moreov# of Organizing Feature Map (SOM)(section IV). We propose a

all market-baskets contain all three items. The above rate Cvisualization scheme to compare both techniques by color-
be abbreviated as follows - coding the SOM results based on the agglomerative clusterin

results (section V). Figure 1 depicts the overall process-
A;B ! C (support, con dence) diagram of our proposed system.

Approach



Association Rule

_ : Mining basket Difference (AMBD), Conditional Market-basket Paeb
Association Rules wit Market Basket bility (CMBP), and Conditional Market-basket Log-liketibd
(CMBL).
Rule Pruning/|
Hashing
Re-Map Singleton A. Absolute Market-basket Difference Distance

DiVis Browser Reduced Rule Set|— e P8 Removal One way to de ne distance between rules is in terms of
the number of market-baskets that they differ in (meaning on
rule is supported, but not the other). Based on the number

of non-overlapping market-baskets, a distance mett¢5P
between rulé and rulej can be de ned similar to the metric
proposed in [8] as given by equation 7.

Overlap Estimator

NxN Distance

Matrix
Multi-di ional . . .
rogomerava SN[ N poms orm gMB = j(m(BS))[ m(BS))) nm(BSi:BS))j (7)
Clustering dimensions each - jm(BSi )J + jm(BS,— )J 2 jm(BSi : BSJ' )]

Agglomerative Tree Rules valid for exactly the same baskets have a distance

_ of zero. Rules applying to disjoint sets of baskets have a

G 2 e 2D SOM Mapping distance equal to the sum of the numbers of transactions

levels for which each rule is valid. There are several problems

with this measure. One such problem is that it grows as the

Hierarchical Colored Map of number of market-baskets in the database increases. Tinis ca
Coloring of N SOM showing .. L. .

Points correspondance be corrected by normalizing (divide the measure by the size
of the databasérj). However, the measure is still strongly

correlated with support. High support rules will on average

tend to have higher distances to everybody else. This is an

ezt undesired property. For example, two pairs of rules, both
pairs consisting of non-overlapping rules, may have difier
Fig. 1. Flow diagram of distance computation and clustepngress. distances. High support pairs have a higher distance than lo

support pairs. As an improvement to this metric, we propose
a new distance measure based on a conditional probability
Il. DISTANCE METRICS estimate as described in the following subsection.
To cluster rules we rst need a way of quantifying how far
two rules are apart. Unfortunately, there is no intuitivet@ince g conditional Market-basket Probability Distance
metric for association rules. A Euclidean distance could be

de ned on rule features such as support, con dence, lift or Using a probability estimate for distance computation has

the bit-vector representation &S. These direct features arelany advantages. Probabilities are well understood, are in

very limited in capturing the interaction of rules on theajat't've’ and a good measure for further processing. The distan

CMBP X - . o
and characterize only a single rule. However, for a deepg# between to rules i and j is the (estimated) probability

analysis of the relationship of two rules, we have to resmrt [F at one rule does not hold for a ba_sket, given at least oge rul
their common origin; the data. We call rule distances that al olds for the same baskets (equation 8).
obtained from the data Indirect Distance Metrics.

An indirect distance is de ned as a function of the marketdi(;?MBP = P(BS;_BS;jBSi _BS;) (8)
basket sets that support the two considered rules. For the jm(BSi; BS))]
purpose of distance computation, we assign all rules wigh th - — — - -
same set of supporting market-baskets the same association Im(BS)j +jm(BS;)j | m(BSi;BS;)j
rule identi er. For example the following six rules are con- With this metric, rules having no common MBs are at a
sidered equivalent, because all involve the itemiget; Cg distance of 1, and rules valid for an identical set of baskets
and all have the same set of supporting market-baskets. are at a distance of 0. This metric can also be interpreted
as a normalized AMBD. The CMBP is computed as the

2. !B |B(é AMBD divided by the number of baskets in the joint set of
A: c | B each rule's supporting basket set. The CMBP does not suffer
B,' A c from the support correlation problem of AMBD. Let us call
B.'C . ,A a distance interesting if it is neither 0 nor 1. Rule pairshwit
C" A B an interesting distance are called good neighbors. In neast r

databases, the majority of all rule pairs are not good ne&ighb
The following three subsections describe three distandanual exploration of a rule's good neighbors showed that
metrics for association rules, based on Absolute Markettuitive relatedness was captured very well by this metric



For example, rules involving different items but servingiely depending on the data mining framework, it may not be
purposes were found to be close good neighbors. Superssetessary to compute all of the matrices entries, since some
relationships of the item-sets associated to the rulesidéed of these frequencies may already be available as the item-se

to very small distances. counts from the association rule discovery stage. After the
overlap matrix is estimated, the entries of the distanceirmat
C. Conditional Market-basket Log-likelihood Distance can now be computed using one of the formulas described in

,;pe previous subsections.

Due to its probabilistic nature, the range of the CMB The average computation time complexity for the computa-
distance space is limited between 0 and 1. Natural distancf‘es 9 P piexity P

usually range from 0 to in nity. Also, most of the interegin ion of d is given in equation 10.
distances are in the open interval between .9 and 1 and the O(N M2+ K?) (10)
majority of_the distanc_es are exa<_:tly 1 This property MY is the number of transactiorjsj in the database, M
induce a h'gh embedd|_ng dimensionality and, hence,. callehe average market-basket size in number of transactions
prot_)lems in the cIus.terling stage. A better.behaved d'Stgné:r?dK is the number of discovered rules. The entire distance
|es Sxfgn t;y the log-likelihood distance, which is de ned Mmatrix d is currently computed in one extra databases scan.

q ' The AprioriTID algorithm [1] mines association rules in a
) ) single database scan by storing transaction ids (TIDs /it
dSMBL = jog - __Im(BSi; BS;)j _ fairly reasonable overhead, it may be possible to compuwte th

! im(BSi)j + jm(BS;)j j m(BSi;BS;j)j  distance while mining the association rules, so that noaextr

. . L database scan is required.

Non-overlapping rules are at a distance of in nity. Rules The memory space complexity grows@éN + K 2), which
with ider_1tica| support have a distance of 0. This metrifé quadratic withK . However, since the transactions are
mqnotpmcally spreads th_e CMBP_ range of 0 to 1 qnto LS)suaIIy already stored in a databad$¢, does actually not
o |n_n|ty. _Thus, gt any point the distance based ordering Ucale memory requirements. A sparse matrix representation
ranking will remain the same as for the CMBP. However, thg 4 can cut down memory requirements signi cantly. The
area of good neighborhood is “magni ed'. Thus, interesting, a4 savings, however, depend strongly on how cogelat

patterns in _th|s region may _be easier to |den_t|fy for thﬁmst rules are. The more uncorrelated rule pairs therelae, t
user when visualized. Also, this seems better suitablerHer thigher are the savings in memory

clustering discussed later.

[1l. CLUSTERING
D. Algorithm and Complexity of Distance Computation The distances described in the previous sections are

Before computing the actual distances, the overlap of alleasures of dissimilarity between pairs of rules. Multi-
rule pairs on the market-basket data has to be estimated. Thmensional Scaling[6] can be used to convert distance-info
overlap countim(BS;;BS;)j can be represented in matrixmation into an embedded for all the rules into a vector space
form o such that the entrg;; at rowi and columnj holds such that the distance between pairs of rules is reasonably
the absolute number of market-baskets that support botis rubreserved. Each rule can then be represented as a point in
i andj. The diagonal elements fall out to be the absoluen N-dimensional space. Another problem is visualizatibn o
support of the corresponding rule. clustering results. The number of rules is large and thetutd

We initialize the overlap matrix as a zero matrix. Then, weepresentation very cumbersome. Presenting the ruleectust
scan the database one market-basket at a time. For each baskeyoints in a space is also not feasible until we know the
we generate a list of rules that are discovered and suppdntedspace of the clusters. SOM provides us with one such pseudo-
the worst case, this list grows exponentially with the numbepace but to train the SOM itself we need an input vector for
of items in the market-basket. On an average, the lists' groweach rule.
is bound by the number of rules discovered in the ARM stage,Another possibility for obtaining an embedding space for
which are only a very small fraction of all possible ruleseThthe rules is by de ning a binary vector for each rule with
rule list represents all discovered and supported rulesién tone bit per item to describe its presence or absence. But such
current market-basket. We increment the support of ea&h rukctors are very sparse since the number of different iteims r
i on the list by adding 1 to the current value @f . Then, into thousands. The approach does not seem very attractive
we construct all possible rule pairs from the list of disa@ee especially from the point of view of training a neural net-
and supported rules. Leh denote the number of items inwork. Similar problems occur with multi-dimensional scai
the current market basket. There ar’% possible rule pairs. although to a much lesser extent. One reason for this to mappe
Each unordered pair corresponds to two symmetric locatioissthe lack of transitivity in the distance relationshipweén
0; ando; in the overlap matrix. We increment both matrixules. For example if rule is close to rulg and rulek is also
entries by 1 to indicate that a basket where both rules apglpse to rulg, it does not imply that rulé is close to rulek.
has been found. We do so for each pair of different rules ®&ut this relationship is true in a vector space.
the basket's rule list. Hence the number of dimensions obtained by multi-

This procedure is repeated for the entire data-set or a sdlimensional scaling for a suf cient accuracy of distancp-re
sample thereof to obtain the nal overlap matox However, resentation remains high. But it is still small comparedte t



bit-vector representation. A hierarchical clusteringhteique 2) For each cluster nd the cluster center as the centroid by
allows the results to be interpreted at different levelslo$ier taking the mean coordinates of all the level 1 (original)
compactness. There are many approaches to clustering but points in that cluster.

most of them need the coordinates to estimate the cluster cen3) Form a new space df. point representing the cluster
ter. We propose a new algorithm referred to as Dimensionless centers.

Agglomerative Chain Clustering. 4) If N . is greater than then Go to Step lelse STOP.

o At the end of the run each point gets labeled with multiple

A. Chaining labels, each successive label describing its positionertrise

The Chaining algorithm does not use any coordinate systé@hthat level. All the points merge to form a single cluster at
and nds the clusters using the distance measures only.ign tkhe top level. At the bottom level each point is a cluster in
algorithm a point is joined to its closest neighbor. Thisoarid itself. An Agglomerative Chained Tree is shown in Figure 2.
by looking at the distance matrix. This process is appliegito In this gure the height of a node is calculated as the average
the points in the space and at the end of it we get a collectigistance of the original points of the cluster from the ceiottr
of graphs. All points joined together as a graph end up haviddis height represents the compactness of the clusterssand i
the same label. The algorithm returns the labels of all theseful for extracting clusters of comparable compactness f
points. A nice property of the algorithm is that it scales thée tree.
cluster sizes depending upon the density of the points in the,
neighborhood. A more dense neighborhood results in a smalle

returns a larger less dense cluster. It can be shown that the
resultant clusters are unique and do not depend on thenstarti
point. Chaining is performed as follows:

1) i =0, labelcount=0

2) If i is less than number of pointhen incrementi,
else Go to Step 9.

3) Find the closest poirf; to pointP;.

4) If the pointP; and P; both do not have labelthen
incrementlabelcount and assign both points the label
labelcount (creates a new cluster with poirfés andP; B
as members). ﬂ

5) If the pointP; has a label an®; does not have a label
then assignP; the label ofP; (merging of poin®P; into Fig. 2. An example of an Agglomerative Chain Clustering Tvéth nine

the cluster ofP;). unique splitting points each resulting in a different chusset. For example
6) If the pointP; does not have a label af] has a label splitting at H4 would give the following cluster sets (1,2,8,5), (6,7), (8,9),

; ) ) ; D, (10), (11), (12,13), (14,15,16), (17,18). H4 is also theghebf nodes 12 and
then assignP; the label ofP; (merging of pointP; into 13, Nodes are numbered from Ieft to right.
the cluster ofP; ).
7) If the pointP; andP; both have labelshen assign all

points having a label same & the label of pointPj. ¢ pimensjonless Agglomerative Chain Clustering
(This results in merging of cluster &fi into cluster of

P). This is the method used for clustering Association Rules
8) Glo to Step 2. in this paper. It is a special case of the Agglomerative Chain
ﬁ:%ustering and allows us to cluster rules together eveneén th
absence of dimensional information. As explained in Sectio
[lI-A the rst level chaining performs the clustering witkib
any information of the location of the points. To repeat
the chaining at the next level, we only need the distance
between clusters (centers) and not the coordinates of the
B. Agglomerative Chain Clustering centers themselves. These distances can be estimated using
. . ) o any different methods. The method is used in this paper
Agglomerative Chain Clustering performs Chaining at mu[;: a variation of the Lance and Williams Flexible Method[4].

tiple levels. At the end of the algorithm we get a tree StmﬂuAccording to their method, the distance between a gloapd
that describes the multiple levels of clustering. It is $&mto group(ij ) formed by the fusion of groupisand] satis es

Single Link Agglomerative Clustering[4] but differs in isas. tpe recurrence formula for the distance de ned as follows:

9) Find all cluster labels and change them such that t
cluster labels are from 1 td. whereN; is the number
of unique cluster labels.

10) Return the points and their labels.

The tree returned is shorter and the clusters more uniformly _ _
sized. The algorithm works as follows: Oegijy = O + jdig + g + jdi  dyj (11)
1) Perform chaining on all the points as described in whered; is the distance between the groupendj and
previous section and retrieve all the clusters. and are parameters whose values depend on the de nition



of the center of clusters. By allowing to vary, clustering D. Comparison of Chain Clustering and Single Link Cluster-
schemes with various characteristics can be obtained;d armeg
and Wlll|ams suggest thaF probably the ,beSt yalue to assume\Single Link Clustering [4] algorithm is a popular Agglomer-
for  is some small negative va!ue, and in their example th%@lﬁve Clustering algorithm. Both algorithms have a comipjex
use the value 0.25. For centroid the parameters and ot o(N 3) although the average case of chaining is faster. Also
take the following values: when the Agglomerative Chain Clustering clusters poing th

ni n; - =0 (12) are in a sparse area of a common space, it dynamically scales

i

vz , ) :
ni+n; ni +n the clusters in that region.

For three points, the formula becomes:
dgi) = 0:5(cki + dy)  0:25d; (13) IV. SOM CLUSTERING & V ISUALIZATION

where d, ;i) represents the distance of poiktfrom the A. Multi-Dimensional Scaling

centroid of clusteij . As we can see it is equal to the average The scalar distance between the rules cannot be used as an
distance minus one-fourth the distance betwieandj. This inputto a SOM directly. Hence Multi-Dimensional Scaling is
distance measure is suitable for the single link clusteriggerformed using Singular Value Decomposition. The data is
algorithm described by the author in [4]. normalized to zero mean distribution and the suitable value
In our clustering algorithm more than two points merge dor the embedding dimension is obtained by monitoring the
one level. Hence the formula had to be modied to mak8tress Factor[6]. Given the Matrix M as the original dist&nc
it applicable. Using it, we can estimate distances betwesratrix and M' as the corresponding matrix in the projected
clusters at level + 1 using centroid distances between pointspace, the Stress between M and M' is given by:

at levell. The distance between clusteasandb is given by p p
the formula: S - E%l :(.:al(dik d? )2 19
tress= —P—Pr 1 2 (19)
1 XRa Xo k=1 =1 (Cik)
Cav = NaNp . . . di (14) Analysis on simulated data suggests that the Multi-
=1 g= Dimensional Scaling works well for an inherently N-
1 Ra X dimensional Euclidean space; the Stress drops suddenly to a
Aa = _g ' di (15) very small value for all test dimensions L greater than N-
=1 j=1 1. The experiment was repeated for various simulated data
1 Ra Xe sets. A Stress threshold with a shortened binary searcls give
Ap = n2 d (16) a very close estimate of the correct number of dimensions in
bi=1 j=1 2-4 trials. For a search range of 1 to N, the Shortened Binary
i N.3N.7N i
dip = Cap  0:5(Aq + Ap) (17) Search examines stress valuelat =-; =7-; 5, .. until the

Stress is less than threshold and then terminates. Since the
where n, represents the number of (original) points irStress is a decreasing function of L, this is possible. Edgur
clustera andny, represents the number of (original) points irshows the results on actual data from Knowledge Discovery
clusterb. For the height of a node in a tree the formula used One. For 1000 rules the cutoff is reached with Shortened
is the mean distance of all the points in the cluster reptesenBinary Search at L=750 with 2.3 % Stress which is good
by the node as shown below. enough for the 5 % threshold used. For the same data-set a
) Ra X full binary search requires many more iterations.
Ho= i D) . dy aw
The points in the clustea are represented by the leaf nodes
of the agglomerative tree that have naas an anceston,
is the number of points in clustex.
We examined the quality of dimensionless clustering by
considering only the distance information between datatpoi
in different dimensional Euclidean spaces. For a very high
dimensional space the error was small and since the Associ- | 2.3 9% error, 750 dimensions
ation Rule space is inherently high dimensional, the foesul j
for cluster width and distance estimation work well. The : \
clusters obtained during simulations using the dimens&ml No. of dimensions
approximation are identical to dimension based clusteifdng
ig. 3. Multi-Dimensional Scaling : Finding the right nunmla# dimensions

up to 60 points for a 2-D space and even more for hIghEsing a shortened binary search. The example shown enowlshthe number

dimension Space. At 1000 _pOintS an_d 40 dimens_ions tEi@mber of dimensions as 750 in 2 iterations for a 1000x106tdce matrix.
number of points grouped differently in the clustering tre€he Stress is 2.3%. The threshold used is 5% Stress.

is less than 1% on an average.

Stress




B. Training of the SOM Clusters of relatively pure color clearly show the corrielat

The embedded space obtained from MuIti—DimensionQ?_tween t_he cluster§ discove_red by Dimensionless Agglomer
Scaling can now be used with any clustering algorithm thgtvé Chain Clustering algorithm and the SOM. Given that
needs a vector input. In particular, mapping the input spag&M is mapping 715 clusters onto a 10x10 grid, we expect
to a 2-D SOM output space seemed to be very suitable sirfe @n average of 7 cIus_ters to fall onto one point. Most of
it provides an easy visualization of the clustering. But hol{?€ overlaps should be with other clusters that are closketo t
do we verify results from SOM given the abstract nature &Ven clusters. This should result in a color localizationtie
distance’ between rules ? We developed a novel technig®M- . . . .
based on dening a hierarchical color spectrum over the A SOM with only 40 input dimensions needs a much
Agglomerative Clustering Tree. Thus the more similar twgmaller training time than the full 965 dimensions. There is
clusters are in color, the more closely they appear togéme,conaderable r_epresentanonal error if only 40 dimensianes
the Agglomerative Clustering tree. This allows us to evuaused but surprisingly the SOM sitill seems to nd many good
our SOM results by coloring the SOM with the colors fronglusters.

the Agglomerative Clustering Tree hierarchy. Since there is no ground truth for veri cation of the resplts
the visualization using SOM allows us to only get a good
V. RESULTS overall idea of the clusters. A good overlap between SOM

and Agglomerative Clustering might imply that the clustams

A. Distance . .
more reliable. It also allows the user to inspect such ctaste

The rst test data-set consists of 172,000 cash registeL; gyt the only way to see if the clusters are good is by
transactions of a home improvement store. From this data 2 inting out the text form of the Association Rules. As in the

freque_nt_ item sets, 4782 association rules and 1311 _has 'igmples shown below, the rules do appear to be correlated
association rules are extracted. The 1311-by-1311 distang opposed to randomly picked rules.

matrix images for AMBD, CMBP and CMBL (top to bottom) Randomlv picked rules

are shown in Figure 4. Black always corresponds to a distance ) .p my P '

of 0 and white to711 (AMBD, top), 1 (CMBP, m|dd|e) or ) ;RIS(ZI]—.{;ING—FIXTURES—FLUORES.—UTILITY LIGHT-BULBS-INCANDESCENT
65294 (CMBL! bOttom) — 17434 PLUMBING-CEMENTS-AND-PRIMERS

The vertical and horizontal lines in the AMBD image o b GTIETRICERES TGS SeR0
illustrate the strong support dependencies. High suppdesr ~ 12048 LIVE-NURSERY-ANNUALS

— 12060 LAWN-& GARDEN—MULCH,-SOILS,-PEAT

tend to have higher distances to every other rule, so théneen

row (and due to symmetry, their entire column) appears as a

bright line. A subset of a cluster from Dimensionless Agglomerative
The new CMBP meets the intuitive expectations of a Chain Clustering -

distance metric much better. Interesting pairs contrasy ve b Rule 278932 (278932)

—  16846,PAINT BRUSHES (new)

well as dark spots in the. image. The median distancg: is T DaoR S oL (new)
meaning that most rule pairs are unrelated. The mean destanc 2 Rue 278773 278773)
is 0.9943.92:97% of the distances ar&. Most rules have T 10873 PAINTING ACC, - SHURLINE (new)
betweenl9% and20% good neighbors. . 5 Tl arrase ey R TEMS (he
In visualizing the CMBL distance, the good neighbors ~ 16840 PAINTING ACCESSORY ITEMS (new)
. . — 16926,PAINT-INTERIOR-ONE & ONLY (new)
appear enhanced since the most densely populated distance - 16844, PAINTING DROPCLOTHS (new)

4) Rule 277269 (277269)

— 16871,PAINTING ACC. - SHURLINE (new)
— 16926,PAINT-INTERIOR-ONE & ONLY (new)
— 16844,PAINTING DROPCLOTHS (new)

B. Clustering and SOM 5 Rule 277433 (277433)

— 16871,PAINTING ACC. - SHURLINE (new)

Ag_glome_rative Clustering was performed on a rules distance | SOSTRITISS SONRTITERS (new)
matrix of size 1,311x1,311. The number of different levels
available for splitting the tree obtained is 289. The spléttis
used for de ning the colors of the SOM is such that it results
. . A subset of a cluster from SOM
in 19 clusters at 208th split level and 715 clusters at 210th 1) Rule 278971 (278971)

space between .9 and 1 gets spread.

..and so on.

split level. Each of the 1311 rules is colored using a color T BLBSINCANDESCENT (new)
formed by combining the values of the two labels at the two 2) Rule 278926 (278926)
different level so that the colors re ect the closeness o tw ey RECKITT & CoMAN (mew)
points. These colors were then used to plot the results of the 9 fue 282 @sez)

SOM. The tree generation using Dimensionless Agglomezativ - 16720:5C JOHNSON

Chain Clustering (section IV-A) is fast. It requires lessurth O UK pen

half the time compared to Multi-Dimensional Scaling on the 5 *Rulelﬁz7;37v:3E(°2';$6;°°LMAN
same distance matrix with 5% Stress threshold. The web-site ~ 16723 RECKITT & COLMAN
http://www.ece.utexas.edu/ gunjan/achds SOM results for 6 R orares orereey
various number of epochs. Some of the results are included T 12350BAGS TRASH & LEAF (new)
with this paper as colored printouts. 7) Rule 277315 (277315)



— 17160,LIGHT BULBS-INCANDESCENT
— 16790,QUICKIE

8) Rule 277425 (277425)

— 16794,ETTMORE
— 16790,QUICKIE

9) Rule 277563 (277563)

— 17160,LIGHT BULBS-INCANDESCENT
— 16723,RECKITT & COLMAN

10) Rule 277728 (277728)

— 16790,QUICKIE
— 16720,SC JOHNSON

... and so on.

VI. CONCLUSIONS ANDFUTURE WORK

A key reason for clustering rules is to obtain more concise
and abstract descriptions of the data. We plan on merging
rules of the same cluster into joined meta-rules. Howehés;, t
is not a trivial problem. We are currently investigating tree
of meta-data (such as product hierarchies) to support mgrgi
decisions.

More powerful agglomerative clustering techniques that
have other height de nitions and splitting properties maglg/
better clusters. Trying out other distance measures fatelu
centers is required for comparing results. Another ideais t
modify the SOM to allow training on dimensionless distance
data.

Another alternative worth exploring is to represent data
at multiple levels of product hierarchy before extracting,
clustering and merging of association rules. This may g®vi
more abstract descriptions of the data's association rthigts
better capture customer buying behavior. By keeping trdck o
customer behavior, a home-improvement store, for example,
could make inferences on what project a speci ¢ customer is
working on and provide exactly the right service to satifgtt
customer's needs.
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