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Abstract

Grouping customer transactions into categories helps
understand customers better. The marketing literature
has concentrated on identifying important segmentation
variables (e.g. customer loyalty) and on using clustering
and mixture models for segmentation. The data mining
literature has provided various clustering algorithms for
segmentation. In this paper we investigate using
“pattern-based” clustering approaches to grouping
customer transactions. We argue that there are clusters
in transaction data based on natural behavioral patterns,
and present a new technique, YACA, that groups
transactions such that itemsets generated from each
cluster, while similar to each other, are different from
ones generated from others. We present experimental
results from user-centric Web usage data that
demonstrates that YACA generates a highly effective
clustering of transactions.

1. Introduction

Firms are increasingly realizing the importance of
understanding and leveraging customer level data, and
critical business decision models are being built upon
analyzing such data. For example, Amazon.com offers
distinct home pages and recommends new products for
customers based on personalization models built from
data. Most credit card and cellular phone fraud alerts are
also issued from the analysis of customer level data.
Consumer brand choice models and pricing models are
heavily used in marketing endeavors.

While the expectation for customer level data analysis
is high, there are still problems with existing analysis
methods. Consumers still receive significant amount of
mail advertising products that they are not interested in,
and online recommendations are still far from perfect. In
order to create more successful personalized systems and
build more accurate consumer behavior models for
customers, firms need to understand their customers
better. This includes understanding customers’

preferences through facts and customers’ behavior
through analyzing their transaction data. There has been
much research done in this direction, and clustering
transactions to learn segments has been one research
stream that has generated a variety of useful approaches.

In the marketing literature, market segmentation
approaches have often been used to divide customers
into groups in order to implement different strategies. It
has been long established that customers demonstrate
heterogeneity in their product preferences and buying
behaviors [2], and that the model built on the market in
aggregate is less efficient than models built for
individual segments. Much of this research focuses on
examining how  variables like demographics,
socioeconomic status, personality and attitudes can be
used in predicting differences in consumption and brand
loyalty. Distance-based clustering techniques, such as .-
means, and parametric mixture models, such as gaussian
mixture models, are two main approaches used in
segmentation. While both these approaches have
produced good results in various applications, there are
well known drawbacks to these methods. For clustering
approaches to segmentation, the actual technique used
has often been ad-hoc. It is generally not clear why a
distance-based clustering in an # dimensional space,
while convenient, is the appropriate manner to group
customers. For mixture models, using changing model
parameters to represent the difference between segments
can often oversimplify the difference between segments
and can ignore variables and patterns that are not
captured by the parametric models.

In our research we study a new approach to
segmenting customer transactions, one that is based on
the idea that there may exist natural behavioral patterns
in different groups of transactions. For example, a set of
behavioral patterns that distinguish a group of wireless
subscribers may be:

 Their call duration during weekday mornings is short
and these calls are within the same geographical area.

» They call from outside the home area on weekdays
and from the home area on weekends.

» They have several “data” calls on weekdays.

0-7695-1978-4/03 $17.00 © 2003 IEEE 411
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The above set of three patterns may be representative
of a group of ‘consultants’ who travel frequently and
exhibit a set of common behavioral patterns. This
example suggests that there may be natural clusters in
data, characterized by a set of typical behavioral patterns.
In such cases, appropriate “pattern-based clustering”
approaches can be an intuitive method for grouping
customer transactions.

At the highest level, the idea here is to cluster
customer transactions such that patterns generated from
each cluster, while similar to each other, are very
different from the patterns generated from other clusters.
We suggest that different domains may have different
representations for what “patterns” are, and on how to
define differences between sets of patterns. In the above
example, rules are an effective representation for
patterns generated from the wireless data, but in a
different domain, such as time series data on stock prices,
representations for patterns may be based on “shapes” in
the time series. It is easy to see that traditional distance-
based clustering techniques and mixture models are not
well suited to learning clusters where the fundamental
characterization is a set of patterns such as the ones
above.

A reason why pattern-based clustering techniques can
generate natural clusters from customer transactions is
that such transactions often have natural categories that
are not directly observable from the data. For example,
Web transactions may be for work, for entertainment,
shopping for self, shopping as gifts, transactions made
while in a happy mood etc. However, customers do not
indicate whether they are happy or sad, for example,
before starting each transaction. However, the set of
patterns corresponding to transactions in each category
will be different. Transactions at work may be quicker
and more focused while transactions for entertainment
may be long and across a broader set of sites. Hence
grouping transactions such that the patterns generated
from each cluster are ‘very different’ from those
generated from another cluster may be an effective
method for learning the natural categorizations. This
argument suggests a natural evaluation technique that is
used in this paper. We combine transactions with a
known natural category — Web transactions from
different users (without maintaining the ‘user ID) - and
examine how well pattern-based clustering does in
separating transactions that belong to the individual
users as compared to traditional clustering techniques.

Motivated by the above argument, in this paper we
investigate the utility of pattern-based clustering for
grouping Web transactions. In particular, we argue that
itemsets are a natural representation for patterns in Web
transactions and present YACA, a pattern-based
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clustering algorithm for domains where itemsets are the
natural representation.

In general the idea of using patterns to group data has
been applied for other specific examples in the literature
[11] and in particular, there has been prior work that
clustered based on items [3, 8, 12, 13]. We describe
these in the related work in Section 5. The rest of this
paper is structured as follows. In Section 2 we describe
the domain and develop an objective function that will
be used to generate the pattern-based clusters. This is
followed by a description of YACA, the algorithm used
to generate the clusters. We present experimental results
in Section 4 followed by related work and conclusions.

2. Pattern-Based Clustering of Web
Transactions

In this paper we assume that users’ Web transactions are
data records containing categorical and numeric
attributes created from the raw data consisting of a series
of URLs visited. In our experiments, we start with real
session-level Web browsing data for users (provided by
a market data vendor [10]) and create 46 features
describing the session. The specific features are listed in
Table 1.

Note that the features include those about time (e.g.
average time spent per page), quantity (e.g. number of
sites visited) and the order of pages visited (e.g. first site)
and that the features include both categorical and
numeric types. A conjunction of atomic conditions on
these attributes is a good representation for common
behavioral patterns in the transaction data. For example
{starting_time = morning, average time page < 2
minutes, num_categories = 3, total time < 10 minutes} is
a behavioral pattern that may capture a user’s specific
‘morning’ pattern of Web usage that involves looking at
multiple sites (e.g. work email, news, finance etc) in a
focused manner such that the total time spent is low.
Another common pattern for this (same) user may be
{starting_time = night, most_visted category = games}
reflecting her typical behavior at the end of days. Hence,
in order to capture the typical behavioral patterns in Web
transactions, we use itemsets as the representation for
patterns. Note that in general we assume that the items in
the itemsets can involve both categorical and numeric
attributes as described in the examples above, and the
functions defined below for the clusters are for the
general case. However in the implementation described
in Section 4, we bin the numeric attributes into
categories to enable the application of Apriori-type
methods for learning the frequent itemsets from the data.
Below we describe the objective function of the pattern-
based clustering method.
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Table 1. Features of a session

Categories

Metric

Definition

Time-related

Total time

Average time per page

Total time/ # of pages

Average time per site

Total time/ # of sites

Average time per category

Total time/ # of categories

Starting time

Starting day

Most visited site

Most visited category

Quantity-related

number of pages

number of sites

number of categories

average # of pages per site

# of pages / # of sites

average # of sites
categories

per

# of sites / # of categories

# of sites for each category
(total 27 categories)

Order-related first site

second site

last site

first category

second category

last category

Page: individual Web page, each hit is a page;
Site: domain name, such as www.yahoo.com ;
Category: Such as “travel site”, “news site” etc.

Consider a collection of transactions to be clustered { 77,
T,, ..., T, }. Each transaction 7; contains a subset of a
list of candidate items { i;, i5, ..., in }. A clustering C is
a partition { C; , C, , ... ,C, }yof {T;,, T>, .., T,}
and each C; is a cluster. The goal of our method is to
maximize the difference between clusters and the
similarity of transactions within clusters. In another word,
we cluster to maximize a quantity M, where M is defined
as follows:

k
M(C,,C,...,C,) = Difference (C,.C,...,C,) + Y_ Similarity (C,)

i=1

More specifically, the difference is defined based on the
idea that frequent itemsets generated from each cluster C;
are “very different” from the frequent itemsets generated
from other clusters. “Very different” is defined based on
the difference in support values of the itemsets generated
in each cluster.

Note that this suggests that itemsets are generated for
each cluster separately (i.e. based on the transactions
within that cluster only). However, to avoid repeated
executions of the itemset discovery routine, in practice
we can generate the set of all itemsets once (from the
entire transaction data), and re-calibrate the support
values for the itemsets in any cluster as needed. For
example, assume that the total data size is 100,000
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transactions and the minimum number of transactions in
a cluster is set to 1000. For a minimum support of 5%,
the smallest frequent itemset in any cluster has a support
of 50 transactions. Hence we set the minimum support to
(50/100,000) for the entire database to learn the set of all
itemsets that could be frequent in any cluster.
Subsequently for any group of transactions we update
the set of frequent itemsets by determining the actual
support values for all the itemsets within this set of
transactions.

Let FIS be the set of all the frequent itemsets (we call
it the candidate itemsets) based on the entire transaction
data (before any clustering). After clustering, we
calculate the support for each itemset in FIS for each
cluster. Note that a candidate itemset is frequent in the
entire set of transactions before clustering, but not
necessarily frequent for each cluster. Specifically, FIS =
{is;, isz, ..., is, } where is; is an itemset in FIS and s, is
the support of itemset i in cluster j (see Table 2).

Table 2. Matrix of itemsets’ supports

C[ C; oisi Ck

is; | S| Si2 v | Su

ng So1 S22 i Sok

Is; | .8 Sp2 Spk
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Next, we define the difference between two clusters and
the similarity of the transactions within a cluster using
the support of the itemsets.

Definition 1 (Difference of two clusters)

B Sy

_ . |lc] o)
Difference (C,,C,)zz

L W B

2LIC |cj_|

| C;| is the number of transactions in cluster C; and p is
the number of itemsets in FIS. This is a good measure
since for every itemset, it calculates the difference
between the pattern in each cluster by computing the
difference between the support values (adjusted by the
actual support values). For example, if the itemset
{starting_time=afternoon, most_visited_category=sporis}
occurs in 3% of the transactions in cluster-1 while it
occurs 9% of time in cluster-2, the difference is 1, while
if it occurs 50% and 75% of time respectively the
difference is 0.4.

Note that we have defined the difference between two
clusters only. This is sufficient since hierarchical
clustering techniques can be used to repeatedly cluster
the transactions into two groups in such a way that the
process results in clustering the transactions into an
arbitrary number of clusters (which is generally desirable
since the number of clusters do not have to be specified
upfront). Clearly, alternative definitions of difference are
possible and the above function, though intuitive, is one
among possibly several reasonable difference definitions
between sets of itemsets. :

Definition 2 (Intra-cluster similarity):

Here, our goal is to define a metric that captures what it
means for patterns in one cluster to be “similar” to each
other. An itemset is considered “good” if it is frequent
and hence we define similarity based on the number of
frequent itemsets within a cluster.

Similarity S(C;) = the number of frequent itemsets in
cluster C;

In this section we described the use of itemsets for
clustering Web transactions and presented an objective
function to maximize in order to generate the pattern-
based clusters. In the next section we describe YACA,
an algorithm for pattern-based clustering.

3. The Clustering Algorithm
The ideal algorithm will be one which maximizes M

(defined in previous section). However, for the objective
function defined above, if there are n transactions and
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two clusters that we are interested in learning, the
number of possible clustering schemes to examine is 2".
Hence we need a heuristic approach.

After we get FIS, as described in Section 2, we
convert the initial transactions into the format in Table 3,
where the rows represent transactions to be clustered and
the columns represents itemsets. A “1” in a cell indicates
that a certain transaction contains a certain itemset.

Table 3. Transaction represented in itemsets

is; is; is,
T, 1 0 0
7, |1 0 1
7, |0 1 . |0
Weuse T={ T, T’,, ..., T’y } to represent this new

transaction set. Instead of clustering the original
transactions, we convert the problem into clustering
these binary vectors and present a divisive hierarchical
algorithm. The entire transaction set is first divided into
two clusters. Each cluster is further divided into two
clusters if it has more than a predefined number of
transactions. This process is repeated until no cluster is
big enough to be divided further. In addition to cluster
size, we assume the stopping conditions are user-
specified and can contain additional criteria such that if a
cluster’s size is bigger than the threshold but its quality
is very good (contains very similar transactions), we can
stop dividing that cluster.

In order to generate balanced clusters, we introduce
another component to M. Also because each division
creates two clusters, the revised M is specified as follows:

MG,G)=K-DG,G)+K-SG)+K,-SG)-K, |N-N|

K, , K, , K;, K, are user-specified weights (can be
decided based on different applications),

D(C,, C,) represents the inter-cluster difference,

S(C,) and S(C,) are the intra-cluster similarity for
cluster-1 and cluster-2 respectively, and

N,and N,are the number of transactions in cluster-1 and
cluster-2 respectively.

The candidate itemsets are generated from association
rule discovery algorithms such as Apriori [1]. Figure 1
describes the algorithm YACA.

For each division, a randomly chosen first transaction
and the ‘most different’ transaction (in terms of
Euclidean distance) from the first transaction are chosen
to form two initial clusters, C; and C,. Then, every other
transaction is either assigned to C, or C, whichever
maximizes M.
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Input: C={Cy}
Cy={T,, T, .., T’,} — the converted
transactions to be clustered (see Table 3)

Output: Clusters C={ C, , C>,...,Cs}

Repeat {
Choose any cluster X = {T,,T,, _ Ts} from C such
that the stopping condition is not satisfied for X;
Cr={),C:=1k
Assign’T; in Xto Cy;
Assign T, to C; | T, is ‘most different’ from T; ;
fori=1tos {

Allocate T; to C; or C, to maximize M ;

}
C=(C—X)UC/ U C} “
} While the stopping condition is not satisfied for
every Xin C

Figure 1 Algorithm YACA

4. Experiments: Clustering user-centric
Web transactions

Evaluating whether our grouping of transactions using
patterns is “good” is a hard problem since it, like any
other clustering technique, is an unsupervised learning
technique. However, as mentioned in the introduction, in
order to test the efficacy of pattern-based clustering it is
natural to combine transactions with a known category —
Web transactions from different users (without
maintaining the user ID) - and examine how the method
does in separating transactions that belong to the
individual users as compared to traditional clustering
techniques. This is the approach used in our experiments.
We pick out the sessions belonging to a certain number
of users to form a sub-dataset which is used as the input
to YACA. The users we picked out are those who have
the most sessions. The most active users have
approximately 2500 sessions over that year. In order to
demonstrate the robustness of our approach, we
constructed 30 such sub-datasets. Among these 30
datasets, 10 datasets contain sessions from 2 users, 10
contain sessions from 3 users, and 10 contain sessions
from 4 users. There are approximately 5000 sessions in
each of the 2-user datasets, 7500 sessions in each 3-user
set, and 10000 in each 4-user set. The transactions of
each user capture his/her online activity over a period of
a year.

To construct the data, we start with user-centric data
provided by a market data vendor. User-centric Web
transaction data is data collected at the user level, and
thus captures the entire Web surfing behavior for each
user. First, we group individual hits into sessions using a
common rule of thumb that groups consecutive hits
within 30 minutes of each other into a session. As
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described in Section 2 (see Table 1), we create features
to describe the user’s behavior for each session and
construct 46 features for each session. We create an item
for each value of the categorical features and categorize
the continuous variables according to their value
distribution (uniformly binned), and create an item for
each bin. After itemizing, we create a session
(transaction) by item matrix (Table 4) with binary values
for each sub-dataset. A “1” in a cell indicates that a
certain transaction contains a certain item. 7, .7, ,T,
correspond to the sessions in a sub-dataset. Depending
on the sub-dataset, there are approximately 2000 to 5000
items for each sub-dataset.

Table 4. Transactions represented in items

il & i
7, |1 0 1
7. |1 1 0
. | D 1 SEEIN]

From this matrix, we use Apriori to discovery the
candidate itemsets and create a matrix like the one in
Table 3 used as the input to YACA. In the experiment,
the minimum support we set for Apriori to discover
frequent itemsets is 3%. There are 2000 to 6500 itemsets
(we restricted these to have a maximum of 4 items) for
different sub-datasets.

In order to compare the performance of YACA, we
implemented three different methods: (i) Hierarchical -
means on data represented in items as in Table 4 (the
“kmeans-items” approach) (ii) Hierarchical k-means on
data represented in itemsets as in Table 3 (the “Akmeans-
itemsets” approach) and (iii) YACA on data represented
in itemsets as in Table 3 (the “YACA-itemsets”
approach). Hierarchical k-means is described in Figure 2.

C={Cy}

Cy={T;, T;, ..., T',} - the converted
transaction set to be clustered (the transactions can
take the forms both as that in Table 4 (“k-means-
items” approach) and that in Table 3 (“4means-
itemsets” approach).

Output: Clusters C={C, ,C, ,..., G}

Input:

Repeat {

Choose any cluster X={T,, T,  Ts} from C such
that the stopping condition is not satisfied for X ;
Use k-means to cluster X into 2 clusters C; and C; ;
C=(C—4X)U C[ U Cg,

} While the stopping condition is not satisfied for
every X in C

Figure 2. Hierarchical k-means
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The reason we use hierarchical k-means is because the
number of natural clusters are not known in advance.
This is particularly useful since even for a sub-dataset
containing transactions from 2 users, we expect more
than 2 clusters, since each user may have more than one
behavior pattern. Note that if we use just k&-means instead
of hierarchical k-means, we get inferior results. For
example, when we applied k-means on a 2-user dataset,
each resulting cluster contains approximately 50% of the
transactions from each user. By using hierarchical
clustering, around 70% of the clusters we get are more
than 95% pure (a cluster is considered “95% pure” if at
least 95% of transactions in the cluster belong entirely to
a single user). When we cluster using YACA, we set the
value of K, to be 1, K, and K; to be 1.1, K, to be 100,
and the support threshold that we used to define large
itemsets to be 2%, and have the same value for these
parameters through out the entire experiment. These
values are chosen to bring the four components of M to
relatively compatible scales. We only consider itemsets
which contain less than 4 items and the stopping
criterion is that the size of the cluster is smaller than 5%
of the size of the dataset to be clustered.

Figures 3~5 present the results on the 30 datasets. The
number of clusters generated for each sub-dataset is
between 20 and 100 and the three methods generate
relatively balanced clusters. Hence we use the
percentage of 95% pure clusters generated to measure
the goodness of the clustering algorithms. This is a
strong measure given that all the datasets contain
approximately equal number of transactions from each
user.

Overall the results are striking and all three figures
demonstrate the same pattern. YACA significantly out-
performs k-means-itemsets which in turn outperforms
kmeans-items. On average, for the two-user datasets,
YACA outperforms kmeans-itemsets by 25% and
kmeans-items by 81%. For the three-user datasets,
YACA outperforms Ameans-itemsets by 40% and
kmeans-items by 125% and for the four-user datasets, ,
YACA outperforms kmeans-itemsets by 133% and
kmeans-items by 274%. These numbers are highly
significant and suggest that pattern-based clustering
techniques may be a natural approach to cluster
consumer transactions such as Web transactions
considered in this paper. We also ran experiments for
alternate definitions of “pure” clusters (e.g. “80% pure”),
and the results are similar. For lack of space, we do not
report all the results here.

In addition to the quantitative results, there are
several examples of interesting clusters discovered in the
data. For example:
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Two significant itemsets in a cluster were
{starting day = Saturday, most_visited category =
sports} and {starting day = Sunday,
most visited category = services such as chat
rooms} — reflecting a weekend behavior pattern of
one of the users in the data.

A highly significant itemset in a cluster was {start
category = search, most visited category = retail}
indicating shopping patterns driven by Web searches
rather than going to favorite sites to make purchases.
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e Two most significant itemsets in one of the clusters
were: (1) {first_category = ISP, news category = 1}
with support 71.3% - in contrast, the support for this
itemset over the entire dataset was just 3.18%; (2)
{average # of sites per category = 1, first_site =
sitel87, retail category = 1} with support 51.7% -
again, in contrast the support over the entire dataset
was just 5%. Both these itemsets are reflective of a
behavior that is more complex - indicating a more
focused browsing behavior perhaps - than the first
two examples above.

In general, the itemsets in some of the clusters suggest
highly explainable behavior patterns (as in the first two
examples above), while in other cases it is more difficult
to place a single behavior type (third example) based on
the itemsets in the cluster. This may be in part due to the
fact that consumer behavior in the real-world is highly
complex. In such cases, the clusters generated can still
be useful by providing a starting point for a deeper
understanding of consumer behavior.

5. Related Work

Traditional clustering algorithms usually employ a
distance metric based (e.g., euclidean) similarity
measure in order to partition the data. As pointed out in
[7], while the traditional distance-based clustering
approaches can yield satisfactory results for numeric
attributes, it is not appropriate for data sets with
categorical attributes. In the recent past, there has been
much work done on clustering large categorical
databases (ROCK][7], [8], STIRR[6], Largeltem[12],
CLOPEJ13]). [7] presents a concept of clustering based
on links between data points. They consider a pair of
points to be neighbors if their similarity exceeds a
certain threshold. The similarity value for pairs of points
can be based on any non-metric similarity function. The
number of links between a pair of points is then the
number of common neighbors for the points. During
clustering, they merge clusters/points with the most
number of links. The drawback of this method is the
heavy computational cost, and sampling has to be used
when scaling to large datasets. Also, there may exist
undesirable mergers because of the large number of pairs
whose similarities barely exceed the threshold.

The idea of pattern-based clustering is not new. [11]
considers two objects similar if they exhibit a coherent
pattern on a subset of dimensions. The definition of a
pattern is based on the correlation between attributes of
objects to be clustered. The specific definition of a
pattern used in [11] makes it more suitable for numerical
data. This paper uses a set of itemsets as the
representation of patterns in each cluster. Hence within
the clustering methods dealing with categorical data,
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those using the concept of large items/itemsets and
association rules are particularly relevant to this paper.
[8] addresses the problem of clustering related customer
transactions in a market basket database. Frequent
itemsets used to generate association rules are used to
construct a weighted hypergraph. Each frequent itemset
is a hyperedge in the weighted hypergraph and the
weight of the hyperedge is computed as the average of
the confidences for all possible association rules that can
be generated from the itemset. Then, a hypergraph
partitioning algorithm from [9] is used to partition the
items such that the sum of the weights of hyperedges that
are cut due to the partitioning is minimized. The result is
a clustering of items (not transactions) that occur
together in the transactions. Finally, the item clusters are
used as the description of the cluster and a scoring metric
is used to assign customer transactions to the best item
cluster. The approach in [8] makes the assumption that
itemsets that define clusters are disjoint and have no
overlap among them. This may not be true in practice
since transactions in different clusters may have a few
common items.

[12] introduces a clustering criterion suggesting that
there should be many large items within a cluster and
little overlapping of such items across clusters. They
then use this criterion to search for a good clustering
solution. [12] also points out that, for transaction data,
methods using pairwise similarity, such as k-means, have
problems in forming a meaningful cluster. For
transactions that come naturally in collection of items, it
is more meaningful to use item/rule based methods. [13]
addresses a similar problem and our work is most similar
to Largeltem[12] and CLOPE[13] in that we do not use
any pairwise distance function. We define a global goal
and use this goal to guide the clustering process.
Compared to Largeltem[12] and CLOPE[13], our
method takes a new perspective of associating itemsets
with behavior patterns, and using that concept to guide
the clustering process. Using this approach, we are able
to identify the distinguishing itemsets representing a
cluster of transactions. As noted previously, in this paper
behavioral patterns describing a cluster are represented
by a set of itemsets (for example, a set of two itemsets
{weekend, second site = eonline.com} and {weekday,
second site = cnbc.com}. We allow the possibility to
find a set of itemsets to describe a cluster instead of just a
set of items which is the focus of other item/itemsets
related work. This is important for clustering Web
transaction data. We also illustrate in the paper how we
cluster Web transaction data with both numeric data and
categorical data. On a different note, document
clustering methods also use the concept of terms (similar
to items) for clustering. However, document clustering
tends to have their special treatment for documents and
we do not discuss them here. See [14] for some common
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approaches in document clustering, and see [3] for a
recent approach utilizing the concept of term set.

Finally, another important category of clustering
algorithms is model-based clustering [4, 5]. The data is
viewed as coming from a mixture of probability
distributions, each representing a different cluster. If we
view the patterns representing a cluster as a type of
model, the spirit of our approach is similar to that of
model-based clustering. Model-based methods can
provide good cluster results if the data does approximate
the assumed distribution, but it can simplify the
differences between clusters and ignore other attributes
not in the hypothesized distribution and also ignores
patterns across attributes.

6. Discussion

As mentioned in the introduction, the existence of
natural categories of customer behavior is intuitive, and
these categories influence the transactions observed. We
suggest that pattern-based clustering techniques, such as
the one described in this paper, may be effective in
learning such natural categories and can, hence, enable
firms to understand their customers better and build
more accurate customer models. In this paper we
presented a new approach, YACA, for pattern-based
clustering of Web transactions and demonstrated that the
technique performs highly effectively as compared to
traditional techniques.

There are limitations of this work, which suggest
opportunities for future work. First, the choice of pattern
representation for a domain and the subsequent
difference and similarity definitions that need to be
derived, continue to be subjective. While we argued that
itemsets are good for Web transactions, it is harder to
claim that they are the “best” representation technique.
Similarly the difference and similarity definitions are
intuitive but there may be alternatives. The algorithm
proposed, YACA, is a heuristic approach that
incrementally and hierarchically clusters the transactions
and in future work we will investigate means to improve
the efficiency. Overall, the results in our experiments
suggest that pattern-based clustering can be highly
effective, and we hope to investigate approaches to
extend the solutions along the lines described above in
future work.
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