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ABSTRACT 
 
 

The transaction clustering or segmentation problem is an important topic in the data/text mining field. 
Given a transaction dataset, the transaction clustering problem is how to partition the transactions into 
disjoint subsets such that similar transactions are collected in the same subset and dissimilar transactions 
are in different subsets. The clustering result requires some sort of objective evaluation, or called cluster 
validity. The issue of transaction datasets clustering is rather under-addressed in the area of data mining, 
even though recognized as important (Wang et al. 1999; Halkidi et al. 2002a; Halkidi et al. 2002b;  Zhang 
et al. 2000; Han et al. 1998). Transactions datasets are usually with sparse binary data and have very high 
dimensions. This creates difficulty in using traditional distance-based cluster validity methods. In this 
paper we present a way to construct an anchor vector for any given transactions cluster. An anchor vector 
is formed using the concept of center and majority consensus. Anchor vectors can be used to construct 
cost/similarity functions which can assess the validity of a clustering. Also, the cost functions can be used 
for further boosting of a clustering by iteratively improving the quality of a clustering. 

 
Keywords: cluster validity, transactions clustering boosting, anchor vector, data mining. 
 
 
     1. INTRODUCTION 
 
 

Transaction clustering has an important role in many applications and receives attention 
in recent developments of data mining (Wang et al. 1999; Halkidi, et al.2002a; Halkidi, et 
al.2002b). A transaction clustering is a partition of the transaction dataset into clusters such that 
similar transactions are in the same cluster and dissimilar transactions are in different clusters. 
Clustering techniques have been extensively studied in many application domains include 
statistics, database and machine learning (Gibson et al. 1998; Brito et al. 1997; Berger and 
Rigoutsos, 1991; Ester et al. 1995; Ester et al. 1996; Ng and Han 1994; Zhang et al. 1996; Hastie 
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et al. 2001).  Surveys on traditional clustering methods can be found in (Dubes and Jain 1980; 
Duben and Jain  1998; Kaufman and Rousseeuw 1990; Zait and Messatfa 1997). For transaction 
dataset clustering, including document clustering, detailed survey papers of clustering algorithms 
are given in (Haldiki et al. 2002b; Karypis et al. 2000). These papers also present the basic 
concepts, principles and assumptions upon which the clustering algorithms are based. However, 
only in recent years needs for new clustering algorithms are created by data mining domain.  
      In our data model, a dataset consists of transactions of a binary type. Each transaction 
can be considered as a vector in the item-space. Each item or attribute in a transaction has value 
either 0 or 1. A transaction T=[1, 0, 0, 1, 1] in vector form can be equivalently represented as a 
set T={I1, I4, I5}. (Note that we may use the two representations, vector and set, interchangeably 
in this paper). Most known clustering approaches tend to fail in solving this type of high 
dimensional and sparse transaction datasets (Ester et al. 1995).   
      Since clustering algorithms discover clusters, which are not known a priori, the final 
partition of a dataset requires some sort of evaluation in most applications. If 2D-datasets are 
used, then visualization of the datasets is a clear verification of the validity of clustering results. 
However, in multidimensional datasets visualization can be difficult. What is then needed is 
some objective assessment, indicating the validity of a clustering result. 
      A particularly difficult problem is “how many clusters are there in the dataset?” (Haldiki 
et al 2002b)  As a consequence, the problem of deciding the number of clusters better fitting a 
dataset as well as the evaluation of the clustering results has been a subject with considerable 
research efforts. This subject is called cluster validity problem. 
     The criteria widely accepted for partitioning a dataset into a number of clusters are:  

• The separation of the clusters (different clusters act differently.) 
• The compactness of the clusters (same cluster, act similarly.) 

A lot of methods have been proposed to evaluate the clustering results. Maria Halkidi [Halkidi 
2001;  Halkidi et al. 2000a; Halkidi et al. 2002b) has summarized these methods 
comprehensively. Methods suitable for quantitative evaluation of the clustering results are 
known as cluster validity methods. Many of the validity methods use a cost function which is 
further divided into inter-cluster-cost (or inter-cost) and intra-cluster-cost (or intra-cost) to 
indicate the quality of clustering. Small inter-cost indicates a well-separated clustering and a 
small intra-cost indicates a compact cluster. For traditional datasets, using cluster centers (or 
centric) are the most common way to calculate inter-cost and intra-cost. However, it is not the 
case for transaction dataset. For example, the new “association rule” based clustering techniques 
(Wang et al 1999; Eui-Hong et al. 1997; Yun et al 2001; Han et al. 1998) all have some kinds of 
cost function defined, but none uses the notion of center. As a result, their cost functions are 
inadequate to determine the similarity between two clusters, as well as the similarity between a 
transaction and a cluster. Under their methods, poor quality clustering results can occur. We will 
discuss them and others related work in more details in the next section. 
      Thus, to find quality validity method is, by and large, to find a quality cost (or 
similarity) function. In our view, this is one of the most important issues regarding to validity of 
clustering. This problem is also one of the objectives in this paper and can be described as 
follows. 

Given a clustering of transactions and all their corresponding vector representations, 
define a cost function to validate the quality of a clustering. 

In this paper, we propose a new cost function for measuring a transactions clustering based on 
the notion of anchor vector. Our anchor vectors are constructed from the centers of clusters.  An 
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obvious benefit of using anchor vectors is they are transaction-like vectors, and they represent 
the underlying clusters in a quality way. The constructions of the anchor vectors are described in 
more details later in Section 3.  

To our best knowledge, this use of anchor vectors that directly addresses validating the 
transactions clustering has not been studied before.  
     Our clustering validity procedure starts from an initial clustering obtained from any 
transactions clustering method. We first generate all anchor vectors, one for each cluster, from a 
majority of consensus over centers of clusters. Intra-cluster and inter-cluster costs can then be 
computed based on the anchor vectors. Anchor vectors and the derived cost/similarity functions 
can be used not only to validity clustering, but also to further boost the quality of a clustering by 
doing iterative refinements on the clustering. The boosting of a transaction clustering is another 
goal in this paper and can be stated as follows. 

Given an initial clustering of transactions, boosting the clustering such that each cluster 
achieves a “quality” status, and meantime the number of clusters is minimized. 

The contributions of this paper are as follows:  
(1) We construct anchor vectors which can represent a cluster qualitatively.  
(2) Based on the anchor vectors, similarity functions are derived and can be used to validate 

the quality of any given clustering. 
(3) The quality of a clustering can be boosted incrementally by iteratively tuning on the 

current clustering. The tuning is based on the anchor vectors and the cost functions 
derived from them.   

     The remainder of this paper is organized as follows. Section 2 provides a summary of the 
previous work on transaction clustering validity. Section 3 describes our way of formulating the 
anchor vectors and the cost functions based on them. Section 4 discusses boosting on the quality 
of clustering results through the use of our anchor vectors and cost functions.  A demonstration 
example using the popular Congress Voting Dataset is presented. Section 5 summarizes the 
conclusions and outline directions for further research. 
 

2. RELATED WORK 
 
 Most traditional clustering algorithms are not suitable to solve the transaction clustering 
problem. This is because these methods adopt a cost that is measured based on distances between 
objects. For transaction datasets, defining useful distance measures is problematic (Ramkumar 
and Swami 1998).  
           A new direction of approaches is to measure cost without using distance functions. 
Instead, they use the concept of “association rules” (Han et al. 1997) and “large items” (Wang et 
al. 1999; Yun et al. 2001).  An item in a cluster is called a large item if the support of that item 
exceeds a pre-specified minimum support threshold (i.e., an item that appeared in a sufficient 
number of transactions). Otherwise, it is called a small item. The criterion of a good clustering in 
(Wang et al. 1999; Yun et al. 2001)  is that there are many large items within a cluster and there is 
little overlapping of such items across clusters. In (Han et al. 1997), items are first partitioned 
into clusters of items, and each transaction is then assigned to the cluster which has the highest 
percentage of intersection with the respective transaction. However, there are some fundamental 
patterns that cannot be well validated using these approaches.  

   In Vipin (Han et al. 1997), items are first grouped based on association rules into 
disjoint “clusters of items”. Clustering of transactions is then performed by assigning each 
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transaction to exactly one of the “clusters of items” discovered in the first phase. So, there is the 
same number of  “clusters of transactions” as the number of  “clusters of items”. Therefore, 
overlapping of items cannot occur between different clusters of transactions.  
       Generally speaking, these existing clustering methods encounter difficulty when clusters 
have overlap. This is because they are not based on the notion of center. On the other hand, 
document clustering algorithms based on the concept of center have their clustering cost 
functions as distance based but do not incorporate the notion of “support” or “large items” 
(Dubes et al. 1980; Jain et al. 1998)  .  
 

3. ACHOR VECTOR AND THE COST FUNCTIONS DERIVED 
 
3.1.   The Concept of Anchor Vector 
 
 Cost between two transactions can be computed using the (normalized) Hamming 
distance between them. Two similar transactions are better to be in the same cluster. However, 
different from other type of datasets, two dissimilar transactions are not necessarily need to be in 
different clusters. For example, two transactions T1={I1, I2, I3} and T2={I4, I5} are the most 
dissimilar, but they may belong to the same cluster formed by transactions that contain {I1, I2, I3 
I4, I5}. To transaction datasets, it is more important to compute the cost/similarity between a 
transaction and a cluster, and the cost/similarity between two clusters. Our idea of measuring 
these two costs is to determine an adequate representation of a cluster, which we call an anchor 
vector and is defined as follows.  
   Given a clustering of k-clusters, {C1, C2, …, Ck}. Let C={t1, t2, …, tm} be a cluster with 
m transactions and each transaction has n items. Let a transaction t be represented as a n-bit 
vector t=[b1, b2, …, bn], where bi is 1 if the transaction bought the i-th item, and 0 otherwise . For 
an item (attribute) j, let xj be the total number of transactions in C with attribute j having value 
equal to 1. For the cluster C, we compute a centric vector c (we use centric and center 

interchangeably) of C as ] ..., , ,[1],...,,[ 2121 nn xxx
m

cccc == . 
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      The vector e=[e1, e2, …, en] is called the anchor vector (or anchor for short) of C. 

  An anchor is formed in a way like a voting. If the value of the center appeared in the jth 
attribute equals or exceeds a threshold θ1 then the value of the anchor in attribute j is (voted) to 
1.  Otherwise, the value of the anchor in attribute j is (voted) to 0.  
      Although an anchor is derived from a center, it is clear that an anchor is different from a 
conventional centroid in the sense it is not based on mean. Rather, it is based on the consensus of 
majority. Therefore, an anchor represents both concepts of center and majority consensus. A 
distinctive feature of an anchor is that all of its attributes have values 0 or 1. Thus, an anchor is a 
transaction-like representation of the center. Since an anchor can represent a cluster qualitatively, 
and itself is like a transaction, we can use it to compare with any transactions or any other 
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clusters.  
 
Dimension reduction on anchor vectors: 
 
 In a cluster C, for an item (attribute) j, let xj be the total number of transactions with 
attribute j having value equal to 1. The value of xj can be viewed as an indicator of the 
“agreement” level of members in the cluster. A large xj indicates a high agreement and a small xj 
indicates a low agreement. Therefore, we can further divide attributes into 3 categories, 
according to their xj values. The first category includes those attributes that have corresponding 
anchor value 0 and very small xj (less than a threshold θ2). We give them the name of 
insignificant attributes. The second category includes those attributes that have corresponding 
anchor value 0 but not belong to the first category. We call them low attributes. The remaining 
attributes we call high attributes. We can ignore the insignificant attributes and only count on the 
significant (high + low) attributes. This way, a cluster or its representative anchor vector is 
reduced to only the significant dimensions. The number of dimensions of an anchor e is denoted 
as ||e||. In the following discussions, by default we refer an anchor as a reduced dimensional 
anchor. 
 
3.2   Cost Functions Based on Anchors 
 
First, we compute the cost between a transaction and a cluster using our anchor vector definition. 
Let T be a transaction. Let e be the anchor of the cluster C. The cost between T and C is 
computed as follows. 

We define the cost between a transaction and a cluster as follows. 
(2)                                       |\||\|),(),( TeeTeTDistCTDist +==  

|\||\| TeeT +  is the Hamming distance between T and e. In this formula, T \ e consists of 1s in 
vector T that are not in e, and |T \ e| denotes the number of 1s in vector T \ e.  

Now we can compute the intra cost of a cluster. Let C={T1, T2, …, Tm} be a cluster with 
m transactions and each transaction has n items (here n can be effectively reduced to ||e||). The 
Intra_cost of the cluster C is denoted as Intra_cost(C, e) and computed as follows. 
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For an item (attribute) j, let xj be the total number of transactions in C with attribute j having 
value equal to 1. Formula (3) is equivalent to the following: 
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Notice that formula (4) transfers the Intra_cost from by rows (m or number of transactions) to by 
columns (n or number of items). Since m<<n, this is a big step to reduce the computations.  
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The cost between two clusters Cr and Cs is defined as Sim(Cr, Cs) and is computed as 
follows. 

(6)                                        
||
||
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∪
∩

==  

where er and es is the anchor of clusters Cr and Cs respectively.  
Finally, we give the overall total inter-cost and inter-cost for a clustering as follows. 

To compute the total intra-cost, we prefer to strike a balance between favoring a large cluster 
versus favoring a small cluster. So, our idea is to normalize the intra-cost (7) by a factor shown 
in (8). The result is formula (7). Given a clustering of K-clusters, {C1, C2, …, CK}. Let xi,j be the 
total number of transactions in Ci with attribute j having value equal to 1. The total intra-cost of 
all the K-clusters is computed as follows. 
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We calculate overlapping of clusters as an inter-cost. We directly relate the inter-cost with the 
similarity of clusters. The argument is that overlapping as a result of partitioning is sometimes 
necessary and unavoidable. On the other hand, we use the similarity of clusters as a direct inter-
cost to prevent unnecessary partitions and also encourage beneficial merges. 

(9)   ),()(__)(__ ∑
≠

⋅+=
K

sr
sr CCsimCCostIntraTotalCCostTotalOverall α  

The Intra_cost in (7) indicates the goodness of the cluster. A small Intra_cost indicates the 
members in the cluster agrees on more items while disagree on fewer items. A large intra-cost 
suggests that the underlying cluster is subject to further partitions. The cost in (6) indicates the 
overlapping ratio between two clusters. Thus, a large cost suggests that the two clusters are 
subject to merge. In principle, two heavily overlapped clusters are subject to merge and two 
lightly overlapped clusters are better to be separated.  
 

4   VALIDITY AND BOOSTING 
 
 Our work of validity starts from an initial given clustering of k-clusters. In other words, 
we assume that a clustering has been generated using some clustering method. Our objective is to 
find a clustering that can minimize the function of (9). A special case is when K is fixed, i.e. to 
find a clustering that has minimum Total_Intra_Cost. This problem is an NP-complete problem 
(Moret 1998). Our general case of K is not fixed is therefore also NP-complete. Thus, we are 
looking for a good heuristic solution. 
 
Partition and Merge Phase 
 
 We start by finding the centroid and corresponding anchor for each of these k-clusters, 
except the outlier cluster. By evaluating the Intra_cost values and compare with the partition 
criterion defined below in formula (10), we can determine which clusters need to be further 
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partitioned. We then use any applicable partition method to partition these clusters until no more 
cluster needs to be divided.   
 
Criterion for partitioning a cluster:   
 
A cluster C, with anchor e and corresponding centroid x, is subject to be partitioned if the following is 
true: 

(10)                                  
},min{
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e
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xmx
≥

⋅
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=  

Notice that the left hand of formula (10) always returns a value between 0 and 0.5.  
A bisection algorithm for partitioning: 
    We also propose a simple partition algorithm which bisections a cluster by selecting an 
attribute as partition attribute. The chosen partition attribute is one of the low attribute which can 
produce the best bi-partitions in terms of Intra_cost values.  
      Analogously, by evaluating a merge criterion between a pair of clusters, we can 
determine which two clusters are to be merged. The “best” pair of clusters is selected and 
merged to a new cluster. A new centroid and anchor is then computed for the new cluster. This 
procedure is repeated until a stopping criterion is satisfied. After all partitions and merges are 
finished, we have a new clustering of K-clusters. (This K may be different from the initial k). 
 
Refinement Phase 
 
 For each transaction that does not belong to any cluster, computing its cost to these k 
anchors using the cost function of (2), we then assign it to the least costly cluster. This forms 
additional K-clusters clustering, with possible new centroids and anchors. This refinement 
process terminates either when a small predetermined number of iterations is reached or after an 
iteration in which no transaction moved between clusters.  
 
4.1  An Illustrative Example 
 

In the following we use the well-known Congress Voting Dataset as an example to 
illustrate our approach.  The “congressional votes” dataset is the 1984 US Congress Votes 
Records. It has a total of 435 transactions, among which 168 for Republicans and 267 for 
Democrats. Each transaction is corresponding to one Congressman’s votes on 16 key issues.    
  Initially, we are given 5 clusters of the Voting dataset. The clusters are the result of a 
fine-partitioning clustering algorithm. The last cluster consists of “miscellanies”. We 
calculate the centroid and anchor of each cluster (except the last cluster). The threshold in 
formula (1) is set to θ1=50%. Table 1 shows the centroids (in %) and anchors. The number 
below each cluster# is the number of transactions in that cluster. For example, C1 has 174 
transactions. 
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  I1 I2 I3 I4 I5 I6 I7 I8 I9 I10 I11 I12 I13 I14 I15 

C1 center 67 47 100 3 2 29 100 100 100 48 40 9 15 20 75 

174  anchor 1 0 1 0 0 0 1 1 1 0 0 0 0 0 1 

C2 center 21 66 22 83 96 100 15 11 10 52 26 83 100 100 9 

170 anchor 0 1 0 1 1 1 0 0 0 1 0 1 1 1 0 

C3 center 57 65 100 14 32 65 51 100 35 51 68 14 14 30 65 

 37 anchor 1 1 1 0 0 1 1 1 0 1 1 0 0 0 1 

C4 center 17 26 17 100 100 48 39 13 17 61 13 74 35 100 17 

23 anchor 0 0 0 1 1 0 0 0 0 1 0 1 0 1 0 

 
Table 1. 

 
 We set the ratioP/M = 0.5. During the partition/merge phase, we find no cluster needs to 
be partitioned. Because the clusters are already fine partitioned. There are two merges, one is the 
merge of C1 and C3 into a new cluster C1, and the other is merging C2 and C4 into a new cluster 
C2. The new clustering, after the partition/merge phase, is listed in Table 2. 
 
  I1 I2 I3 I4 I5 I6 I7 I8 I9 I10 I11 I12 I13 I14 I15 

C1 center 65 50 100 5 8 35 91 100 89 49 45 9 15 22 73 

211 anchor 1 1 1 0 0 0 1 1 1 0 0 0 0 0 1 

C2 center 21 62 21 85 97 94 18 11 11 53 24 82 92 100 10 

193  anchor 0 1 0 1 1 1 0 0 0 1 0 1 1 1 0 

 Table 2. 
 
  In the refinement step, each transaction (include the last cluster) is compared to the two 
anchors, e1 and e2, and assigned to the nearest cluster. 
      A special case is when a transaction T is in equal distance between C1 and C2. There are 
two choices, the first is to treat T as an outlier and put it to a new cluster O. A second choice is to 
absorb it to an arbitrary cluster. Here we choose the second alternative, i.e. we do not form an 
outlier cluster. 
      After all transactions are re-assigned, a new clustering is formed. Table 3 shows the new 
clustering produced by our approach, which consists of two clusters, Cluster 1: (229), and 
Cluster 2: (206). Since both clusters 1 and 2 are in high quality (in terms of small cost), our 
algorithm stops here.   
      The effect of clustering is quite visible by comparing the two clusters in Table 3. By 
examining Table 3 we can conclude the following: 

a) The two clusters have very different voting patterns. 
b) The issues I2 (“water-project-cost-sharing”) and I10 (“synfuels-corporation-cutback”) are 

contradicting issues (issues that are equally split between voters) in both clusters.  
c) The issues I11 (“education spending”) is a contradicting issue for cluster 1 only. 
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  I1 I2 I3 I4 I5 I6 I7 I8 I9 I10 I11 I12 I13 I14 I15 

C1 center 66 52 94 3 8 36 90 96 88 48 48 7 16 23 73 

229 anchor 1 1 1 0 0 0 1 1 1 0 0 0 0 0 1 

C2 center 21 61 22 84 96 93 20 13 12 53 25 82 89 98 11 

206   anchor 0 1 0 1 1 1 0 0 0 1 0 1 1 1 0 

 Table  3. 
 

5. CONCLUSION AND FUTURE DIRECTION 
 
 In this paper, we propose a new similarity function for measuring a transactions 
clustering based on the notion of anchor vector. Our anchor vectors are constructed from the 
centers of clusters.  An obvious benefit of using anchor vectors is they are transaction-like 
vectors, and they give characteristic description to the underlying clusters. 
     Clustering categorical data is an important problem, for which investigation is still rare. Our 
future work plan is to extend to directly cluster categorical dataset without the need of data 
conversion to multiple binary attributes. Another direction of future development is to implement 
a parallel algorithm. Such algorithm is useful to partition a very large dataset into a number of 
smaller and more manageable homogeneous subsets that can be more easily analyze, and 
enhance scalability significantly. 
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