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Abstract. Several organizations have developed very large
market basket databases for the maintenance of customer
transactions. New applications, e.g., Web recommendation
systems, present the requirement for processing similarity
queries in market basket databases. In this paper, we propose
a novel scheme for similarity search queries in basket data.
We develop a new representation method, which, in contrast
to existing approaches, is proven to provide correct results.
New algorithms are proposed for the processing of similarity
queries. Extensive experimental results, for a variety of fac-
tors, illustrate the superiority of the proposed scheme over the
state-of-the-art method.
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1 Introduction

Market basket databases organize collections of transactions.
Each transaction consists of a set of items from a specified
domain (denoted as theuniversal set). Several organizations
store very large databases of market basket data, for instance,
retail companies.Recently, theemergingpopularityof theWeb
has produced larger collections of basket data, especially in e-
commerce sites, where transactions may represent purchased
products, visited pages, etc.

In such cases, several applications, such as recommen-
dation systems, present a new need for query processing in
large databases of basket data. Recommendation systems find
widespread applications in e-commerce sites bymaking prod-
uct recommendations during a customer interaction. One of
the most successful recommendation system technologies to
date is collaborative filtering (CF) [11,20,17] which works by
matching customer preferences to those of other customers
in making recommendations (collaborative filtering is used in
many of the most successful recommendation systems, such
as Amazon.com and CDnow.com). In CF- based recommen-
dation systems the input is the collection of purchased trans-
actions ofn customer onm products, which comprise the
transactions databaseD [25]. The most important and com-
putational demanding step in the recommendation procedure

is finding a similarity-based neighborhood for the target cus-
tomerCt. ForCt, thek most similar transactions fromD are
identified (according toagivensimilaritymeasure that denotes
similar purchasing preferences). This procedure forms theCt–
neighborhood [26], which can be used either for predicting the
probability thatCt will be interested in a given product, or for
providing top-N recommendations, i.e., to recommend a list
of products thatCt is most likely to purchase.

Example.Assume an e-commerce site, which trades a collec-
tion of text books on databases, depicted in the upper part
of Fig. 1 (the left column denotes the product id and the
right column the book title). In addition, assume a transac-
tions database, depicted in the bottom part of Fig. 1 (the left
columndenotes the transaction id and the right column thepur-
chased books), which contains the books purchased by each
customer so far. Assume a target (i.e., active) customerCt,
who has already purchased booksA, D, andE; hence the
current transactionT for Ct is {A,D,E}. Therefore, theCt–
neighborhood is identified by performing a nearest-neighbor
query to find the most similar transactions toT , where, for
instance, the similarity measure is simply selected to be the
number of common purchased books (the similarity measures
are explained in more detail in the following). For example,
the similarity ofT with the 5th transaction is equal to three,
whereas the similarity ofT with the 2nd transaction is equal
to one. Thus, theCt–neighborhood (assuming that the three
most similar transactions are required) consists of the trans-
actions with id equal to 5, 1 and 3, in decreasing order of
similarity. Next, based on the identified neighborhood, a sim-
ple method to derive a top-3 recommendation can be followed
[26] by finding the set of books in each transaction of theCt–
neighborhood that have not yet been purchased byCt (i.e., not
contained inT ). For instance, from the 1st transaction, these
items areB andF . Therefore, the complete collection of such
items is〈B,F,C,C〉. By counting the frequency of each item
in the latter set [26], a recommendation can be provided to
Ct, consisting of booksC, B, andF , in decreasing order of
frequency.1

1 More complex methods can be followed as well to derive the
top-N recommendation (e.g., by combining user ratings on existing
products, as done inAmazon.com). Nevertheless, such issues are out
of the scope of this work.
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p-id name
A Database Principles, Programming, Performance
B Database System Concepts
C Database Tuning - A Principled Approach
D Fundamentals of Database Systems
E Principles of Database and Knowledge-Base Systems
F Relational Database Theory
t-id transaction
1 {A, B, D, F}
2 {B, E}
3 {A, C, D}
4 {C, D, F}
5 {A, C, D, E}

Fig. 1.A recommendation example. Top: the product database. Bot-
tom: the transactions database

In the above example, also assume that the bookstore de-
cides to place some particular books on sale. It is useful to
identify the set of all users whose transactions have a simi-
larity larger than a given threshold with the set of books on
sale (a case of range query), so as to send email notifications
to them, since it is probable that they will be interested in the
sale.

Moreover, new visitors in a Web site can receive indica-
tions of links to visit or dynamic advertisements, based on the
similarity of their current transaction (set of visitedpages)with
the past transactions in the log file [10]. In addition, consider-
ing the emerging applications of Object Relational Database
Systems, transaction data can be supported by non-relational
extensions (e.g., set-valueddata).Therefore, similarity search-
ing for transaction data can serve as a means for querying the
database as is the case for other non-relational data types in
ORDBMS, such as similarity searching for time series [1,9].
Finally, query processing techniques for similarity searching
over transaction data may comprise primitives for more com-
plex ones, such as the clustering of transaction data so as to
identify groups of users that present similar behavior [29].
Although basket data have been studied for other data min-
ing operations, such as association rules mining [2], the query
processing technique of similarity searching in databases of
basket data present different objectives and requirements [3].
The description of other interesting applications can be found
in [3,10].

1.1 Similarity search queries

The problem of similarity searching in market basket
databases requires the definition of a measure of similar-
ity. Given two transactionsT1 and T2, let x = |T1 ∩ T2|
(i.e., the number of common items betweenT1 andT2) and
y = |T1 − T2| + |T2 − T1| (called the hamming distance, i.e.,
y is the number of items in whichT1 andT2 differ). Then,
based on [3], we consider similarity measures which are func-
tions ofx andy; thus,Sim(T1, T2) = f(x, y). Moreover, it
is assumed thatf(x, y) is increasing with respect tox and
decreasing with respect toy. This is a reasonable assumption
and is in accordance with the intuitive notion of similarity
for transaction data. Evidently, a higher number of matches

(x) implies greater similarity (because it indicates more com-
mon preferences), whereas a greater number of different items
(y) implies less similarity (because it indicates more differ-
ent preferences). An example of such a similarity measure is
f(x, y) = x/y [3]. More particularly, in thex/y similarity
measure bothx andy are considered because two transactions
may have a large number of common itemsx, but also they
may differ in a large number of itemsy. The dependence of the
similarity measure on both of them avoids the latter problem.
A large number of other functions also satisfies the above as-
sumption, for instancef(x, y) = 1

y , which is the inverse of the
hamming distance, orcos(T1, T2) = f(x, y) = x√

|T1|·|T2| ,

which is called cosine similarity and is used in applications
such as information retrieval.

Consequently, similarity search queries in market basket
databases can be stated with the following two definitions:

Definition 1 (k-Nearest-neighbor query).Given a transac-
tions databaseD and a query transactionq, find the set
N ⊆ D of k transactions (1 ≤ k ≤ |D|) such that for each
t ∈ N andt′ ∈ D −N it holds thatSim(q, t) ≥ Sim(q, t′).

Please notice that strictlyk transactions most similar to the
query are found, i.e., ties are resolved arbitrarily.

Definition 2 (Range search query).Given a transactions
databaseD, a query transactionq and a thresholdr, find
the set of transactionsR ⊆ D such that for eacht ∈ R it
holds thatSim(q, t) ≥ r.

1.2 Survey

Although several algorithms have been proposed for similarity
searching in high dimensional data [19,5], their crucial char-
acteristic is thedimensionality curse, i.e., the rapid degrada-
tion in performance for increasing dimensionality. Therefore,
multi-dimensional access methods are not a viable solution
for the problem of similarity searching in basket databases,
due to the very large dimensionality of the latter (in orders of
thousands) and also due to their large sparseness (only few
dimensions are supported by each transaction) [3].

Thesignature-tableindexmethod [3] is a specializedhash-
based scheme, which is the first work that was proposed for
the nearest-neighbor problem in basket data. Its main char-
acteristic is that once a signature-table has been constructed,
several similarity measures can been used for it, i.e., it is not
restricted to only one measure. In addition, the underlying
search space is not necessarily a metric space (actually, the
examined cases in [3] used non-metric spaces). Experimen-
tal results in [3] considered the 1-nearest-neighbor query and
presented a sufficient index selectivity, by pruning the exam-
ination of a large percentage of transactions in the database.
Since the signature-table comprises the state-of-the-art in the
problem of similarity searching in market basket data, it is
described in more detail, along with themotivation, in Sect. 2.

Market basket databases are organized as collections of
transactions, which can be represented as sets of items (in
non-first normal form). In [10] the closely related problem
of similarity searching in set databases is proposed. The only
similarity measure considered wasSim(T1, T2) = x

|T1∪T2|
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(normalized number of common items) and existing hash in-
dexes were used. In general, the indexing scheme in [10] is
not independent from the similarity measure, because it is
based on embedding to thehamming space, and can only ad-
dress range search queries. Moreover, the provided solution
is probabilistic, i.e., the result of a range query may not al-
ways contain all the sets within the specified range.Although,
in general, sets can represent transactions of basket data, spe-
cialized characteristics of the latter are ignoredwith this repre-
sentation. For instance, transactions of basket data are highly
skewed and correlated (containing patterns) and their lengths
are clustered around a small mean value.

The inverted indexes and the signature files [4] are two
indexing schemes for set data that have been proposed for the
problemofpartialmatch retrieval. For the problemof similar-
ity searching in basket data, the inverted index can efficiently
handle only the restricted case of nearest-neighbor queries
based on the number of common items (i.e.,f(x, y) = x) and
it cannot support general similarity measures (because it has
to retrieve all transactions containingany item in the query
transaction [3]) or the range search query [3]. Experimental
results in [3] illustrate the deficiency of the inverted index.
Signatures are approximate representations of sets and have
been used for the purpose of superset/subset retrieval [18].
However, signatures, as they are presented in existing work,
cannot guarantee exact solutions to the problem of similarity
searching in basket data (see Sect. 3).

1.3 Paper contribution

In this paper we consider the problem of similarity search-
ing in market basket databases.We are interested in complete,
and not approximate, results. We present a new method, S3B
(denoting Signature-based Similarity Search for Basket-data),
which is based on the representation of transactions with sig-
natures. Signatures comprise a compact and effective coding
that captures the similarity between transactions.However, ex-
isting signature creation methods do not guarantee the correct
finding of all transactions that satisfy a similarity query. We
propose a signature representation method which is proved to
find the correct results.

On the basis of index structures for signatures, we pro-
pose novel algorithms for processing similarity queries.More-
over, we develop enhancements that achieve significant per-
formance improvements, compared to existing approaches.
Extensive experimental results, which consider a variety of
factors, provide evidence of the superiority of S3B.

The rest of this paper is organized as follows. Section 2
briefly describes the main characteristics of the signature-
table, and presents the motivation in our work. The proposed
approach is given in Sect. 3. Section 4 contains the proposed
enhancements and Sect. 5 gives the experimental results. Fi-
nally, Sect. 6 provides the conclusions.

2 Motivation

2.1 Signature-table

Given a database,D, of transactionswith items froma domain
I, themethod in [3] first partitionsI inK subsets, eachdenoted

000

001

010

101

111

011

100

110

T={5,6,9} {1,0,1}

S1={1,2,5,9}
S2={3,4,8}
S3={6,10}

Memory
Disk

List of transactions mapped to 101

...
...

Main

Fig. 2.Example of the signature-table

asSi, 1 ≤ i ≤ K (K is calledsignature cardinality). The
partitioning is performed with a variant of the single-linkage
clustering algorithm [27],which determinesK clusters among
the items ofI. In [3], it is assumed that the database is static
and the transactions are known beforehand. The distance be-
tween two items,i1 andi2, used for the clustering is defined as
dist(i1, i2) = 1

support(i1,i2)
, where support(i1, i2) denotes the

normalized frequency of itemset{i1, i2} [2]. Thus, correlated
items are close (with respect to this distance measure) and
are clustered in the same partition. Then, given a user-defined
parameter,a (calledactivation threshold– denoted asr in
[3]), each transactionT is mapped to a bitmap{b1, . . . , bK},
calledsupercoordinate, wherebi = 1 if |T ∩ Si| ≥ a, oth-
erwisebi = 0. By getting a table with2K entries, one per
each possible supercoordinate, each transaction is hashed to
the entry of the table that is indicated by its supercoordinate.

An example is depicted in Fig. 2, whereK = 3 anda = 1.
EachSi partition (1 ≤ i ≤ 3) is also depicted. Transaction
T = {5, 6, 9} ismapped to supercoordinate{1, 0, 1} (because
T has two common items withS1, zero common items with
S2, one common item withS3, anda = 1), thus it is stored
in the corresponding list. As described in [3], the table with
the supercoordinates is maintained in main memory, whereas
the actual transactions, which are indexed by each entry of the
signature-table, are stored on disk.

Given a query transactionQ, the nearest-neighbor query
operates as a branch-and-bound searching method. For each
supercoordinateSCi (1 ≤ i ≤ 2K) of the signature-table, the
optimistic (i.e., maximum) value of similaritySimo(Q,SCi)
is calculated, called optimistic bound2. The optimistic bound
is calculated by determining the optimal valuesx′, y′ for x
andy, respectively (see Sect. 1.1). LetB = {b1, . . . bK} be a
supercoordinate of the signature-table andai = |Q ∩ Si| (the
number of common items betweenQ and theSi partition of
the domainI). Then it holds that [3] (bj denotes the inverse
of bj):

x′ =
K∑

j=1

bj · min{a− 1, aj} +
K∑

j=1

bj · aj (1)

y′ =
K∑

j=1

bj ·max{0, aj −a+1}+
K∑

j=1

bj ·max{0, a−aj}(2)

2 It holds thatSimo(Q, SCi) ≥ Sim(Q, SCi), thus no false
dismissals are presented [3].
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For the previously illustrated example, let a queryQ =
{2, 6, 10}. Then, for the supercoordinate{1, 0, 1}, it is x′ = 3
andy′ = 0.

The nearest-neighbor query proceeds by sorting the super-
coordinates of the signature-table in decreasing order of the
optimistic bound and by testing them sequentially. If a super-
coordinate has an optimistic bound larger than the similarity
of the currently most similar transaction toQ (assuming the
1-nearest-neighbor query), the transactions indexed by it are
retrieved and are examined againstQ, and the result is up-
dated. Otherwise, the search to the transactions indexed by
the supercoordinate can be pruned.

2.2 Motivating factors

Although [3] addressed the problem of similarity searching
for basket data for the first time, it presents limitations which
have a significant impact when considering large databases of
basket data. These limitations involve several factors that are
summarized in the following and comprise the motivation of
this work.

Query execution time: in [3], the performance of the
signature-table was examined only with respect to its se-
lectivity (percentage of pruned transactions). Regardless
of the selectivity of an indexing scheme, the arrangement
of the examined transactions (those that are not pruned) is
crucial for the I/O overhead, since it may result in a large
number of pages that are fetched from secondary storage
(page-scattering effect). Furthermore, for each query, the
signature-table has to be sorted with respect to the opti-
mistic bounds, and its similarity to all supercoordinates
is calculated. Since the size of the signature table is2K ,
which grows rapidly for large values ofK, the CPU time
can be significantly affected. Nevertheless, the query exe-
cution time, which is affected by both the aforementioned
factors, was not examined in [3]. Therefore, what is re-
quired is an indexing scheme that achieves both high se-
lectivity and low query execution times.

Dynamic data: the signature-table is an index for static data.
It requires the knowledge of all transactions beforehand to
calculate the support of every 2-itemset and to derive the
partitioning of theI domain (domain of items). However,
for dynamic data, this restriction can be alleviated if the
partitioning found from the portion of existing data can
be used also for the new transactions, i.e., after new in-
sertions3. Nevertheless, dynamic data require an efficient
representation of the transactions on disk (lists of transac-
tions for each supercoordinate), but [3] does not elaborate
further on this issue that impacts on the efficiency of the
method.

Index design issues: the design of the signature-table is based
on a two-level indexing scheme. The supercoordinates
comprise the upper part and the transactions are stored at
the data level. However, related work on similarity search
for multi-dimensional data indicates that a branch-and-
bound search procedure (like the one used also in [3]) can

3 Market Basket Data usually are historic, therefore deletions are
rare.

better exploit multi-level indexes in order to reduce the
examined portion of the database [23].

Characterizing efficiency: the experimental results in [3]
were constrained to the 1-nearest-neighbor query. The
range query (Definition 2) is briefly mentioned in [3], but
no results are presented for it. A clear performance char-
acterization should consider both thek-nearest-neighbor
query (k ≥ 1) and the range query.

3 S3B: signature-based similarity search for basket-data

The proposed method, denoted asSignature-based Similarity
Search for Basket-data(S3B), consists of two main compo-
nents: a) themethod for the representation of transaction data;
b) an indexing scheme along with the algorithms for similar-
ity searching, for the organization of representations. These
components are analyzed in the following.

3.1 Representation method

LetU be the universal set (the domain of all items). Then, each
transaction is a vector in the|U |-dimensional space, where
each dimension is either 0 or 1.|U | is significantly large (in
the order of thousands of items) and theU -dimensional space
is sparse. Thus, the direct representation of transactions in
the |U |-dimensional space is inefficient. We derive a more
compact representation, basedoncoding the transactions,with
signatures.

Assuming bit vectors withF positions (F << |U |), each
item ismapped tooneof thepositionsbyusingahash function.
A transactionT can be represented by such a bit vector of
lengthF by hashing all its items. This bit vector is called the
signature ofT and is denoted asS(T ). For instance,U =
{1, . . . 1000}, F = 100 and each itemi ∈ U is hashed to
theH(i) = i mod F position. Then, for a transactionT =
{128, 235, 728, 987}, S(T ) has the bits at positions 28, 35,
and 87 set to 1, and all remaining bits are set to 0 (a similar
signature creation procedure, where each item corresponds to
one bit in the signature, has been used in [15].) Therefore, for
eachi ∈ T , the bit inH(i) position ofS(T ) is set to 1. For
convenience,Sp(T ) denotes the bit at pth position ofS(T ),
0 ≤ p ≤ F − 1 (thus,Sp(T ) can be either 0 or 1).

Signatures have been used in text databases [4] and
databases with set-valued attributes [18] for the partial match
problem, e.g., find all transactions that contain a specified set
of items.However, similarity search queries (Definitions 1 and
2) present new requirements. For the example of the previous
paragraph, let a query transactionQ = {128, 329, 728, 829}.
Then, following the same hash function as in the example,
bits at positions 28 and 29 are set. The number of common
items betweenQ andT is two, thusx = 2. In addition,Q and
T differ in four items, thusy = 4. Therefore, assuming the
f(x, y) = x/y similarity measure,Sim(T,Q) = 2/4 = 0.5.
However, using the signature representations instead,S(T )
andS(Q) have one bit set at common position (position 28),
thusx = 1, and they have in total three bits set at different
positions (positions 35, 87, and 29), thusy = 3 . Therefore,
Sim(S(T ), S(Q)) = 1/3 = 0.33. Assume, for instance, a
range query with similarity thresholdr = 0.45 or a nearest-
neighbor query where the similarity from the current nearest



142 A. Nanopoulos, Y. Manolopoulos: Efficient similarity search for market basket data

transaction is0.4.Byusing thesignature representations,S(T )
will be rejected, althoughSim(T,Q) = 0.5. Thus,T will not
be included in the result although its actual similarity fulfills
the query. Evidently, false-dismissals are produced. The rea-
son is the existence of collisions during the hashing of items
into signatures. For instance, items 128 and 728 ofT andQ
are hashed in the same position, which contributes one match
instead of two.

Consequently, existing representation methods and in-
dexes that use signatures cannot address the similarity queries
for basket data. Moreover, for multi-level signature indexes
[24,7], each transactionT is represented at each level by the
signature of the entry which is the sub-root of the portion of
the tree that containsT . Assuming that leaves are at level 0
and contain the signatures generated by the transactions, the
signature of a node’s entry at levell > 0 is derived from the
superimposition (i.e., OR-ing of bits at each position) of all
signatures of the subtree rooted at the entry. Therefore, even if
a hashing function guarantees the avoidance of collisions for
the signatures at the leaf level, the signatures at the upper lev-
els of the multi-level index are possible to present collisions
at several positions, due to the superimposition. In the follow-
ing, for a transactionT , Sl(T ) denotes the signature in the
root of the subtree at levell, which containsT (for simplicity
we denoteS0(T ) ≡ S(T )).

To overcome the problem, we propose the following ap-
proach. Given a query signatureQ, we determine optimistic
bounds forx andy so as not to produce false-dismissals. For
the purpose of generality we consider a multi-level index (see
Sect. 3.2).

Definition 3 (Optimistic bounds). Let a query transaction
Q = {q1, . . . , qn}, and a vectorC of lengthF , whereC =
{c1, . . . , cF } andcp = |{qj |qj ∈ Q,H(qj) = p}|, 0 ≤ p ≤
F − 1. For the signatureSl(T ) of a transactionT in the
index (l ≥ 0), the optimistic boundsx′ and y′ for x and y,
respectively, are given as follows:

x′ =
F−1∑

p=0

cp · Sp(Q) · Sl
p(T ) (3)

y′ =
F−1∑

p=0

cp · Sp(Q) · Sl
p(T ) (4)

We denote OptSim(Q,Sl(T )) = f(x′, y′).

The formal proof that the optimistic bounds ofDefinition 3
do not produce false-dismissals is given in the following. The
basic intuition in this proof is the consideration (using theC
vector) of all items of the query transaction that are hashed
at the same position, so as (based also on the properties of
super-imposition) to havex′ ≥ x andy′ ≤ y. For the simple
example examined earlier (whereT = {128, 235, 728, 987},
Q = {128, 329, 728, 829} andl = 0), we have thatx′ = 2,
because items 128 and 728 increasex′ by two (not by one, as
in the case of the direct use ofS(Q) andS(T )). Respectively,
y′ = 4, because items 329 and 829 increasey′ by two (not by
one, as in the case of the direct use ofS(Q) andS(T )). The
calculated similarity isx′/y′ = 2/4 = 0.5, which is equal to
the actual similarity betweenQ andT . Hence, in this example,

T will not be omitted from the result and no false-dismissal is
presented.

Lemma 1. Given a transactionT in the index, and a query
transactionQ, wherex = |T ∩Q|, the boundx′ ofDefinition 3
is optimistic, i.e.,x′ ≥ x for eachSl(T ), l ≥ 0.

Proof. For the items ofQ andT that are hashed at positionp
(using a functionH(·)), letxp denote the number of thosewho
are common betweenQ andT . Evidently,x =

∑F−1
p=0 xp. It

is assumed that the levell is considered, wherel ≥ 0. From
Eq. 3, we denotex′

p = cp · Sp(Q) · Sl
p(T ), wherecp is the

number of items ofQ that are hashed at positionp in S(Q)
(see Definition 3). Therefore,x′ =

∑F−1
p=0 x

′
p.

For each positionp, if Sp(Q) = 0 or Sl
p(T ) = 0, then

xp = 0, becauseQ or T , respectively, contain no items that
are hashed at positionp (if l > 0, this is preserved forSl

p(T )
due to superimposition). From the definition ofx′

p it follows
thatx′

p = xp = 0.
If Sp(Q) = Sl

p(T ) = 1, thenxp ≤ cp (if more thancp
items ofT are hashed inp, then only thecp items ofQ can
be common betweenQ andT ). From the definition ofx′

p it
follows thatx′

p = cp, hencex′
p ≥ xp.

From all above cases, it follows that∀ p it is
x′

p ≥ xp ⇒ ∑F−1
p=0 x′

p ≥ ∑F−1
p=0 xp ⇒ x′ ≥ x.

Lemma 2. Given a transactionT in the index, and a query
transactionQ, wherey = |T −Q|+ |Q−T |, the boundy′ of
Definition 3 is optimistic, i.e.,y′ ≤ y for eachSl(T ), l ≥ 0.

Proof. As previously, for all items ofQ andT that are hashed
at positionp, let yp denote the number of those in whichQ
andT differ (if i is such an item, then eitheri ∈ Q ∧ i �∈ T ,
or, i �∈ Q ∧ i ∈ T ). Evidently,y =

∑F−1
p=0 yp. It is assumed

that the levell (l ≥ 0) is considered. From Eq. 3, we denote
y′

p = cp · Sp(Q) · Sl
p(T ). Therefore,y′ =

∑F−1
p=0 y

′
p.

For each positionp, if Sp(Q) = 0, thenQ does not contain
any items hashed atp. In this case, ifSl

p(T ) = 0, thenT also
does not contain any items hashed at positionp (for l > 0 this
holds due to superimposition). Therefore,yp = 0. From the
definition ofy′

p it follows y′
p = 0, hencey′

p = yp. However,
if Sl

p(T ) = 1, thenyp ≥ 0, because each item ofT that is
hashed at positionp is not present inQ (Sl

p(T ) = 1 may hold
due to superimposition, i.e., whenS0

p(T ) = 1), and this iswhy
yp ≥ 0 and notyp > 0). From the definition ofy′

p it follows
thaty′

p = 0. Hence, from the above cases,y′
p ≤ yp.

If Sp(Q) = 1 and if alsoSl
p(T ) = 1, thenQ and T

may have common items that are hashed at positionp. If all
items hashed at positionp are common betweenQ andT , then
yp = 0. Otherwise,yp > 0. From the definition ofy′

p, in all
these cases,y′

p = 0. Consequently,y′
p ≤ yp.

If Sp(Q) = 1 andSl
p(T ) = 0, the items ofQ that are

hashed at positionp are not present inT , sinceT does not
contain any item hashed atp (for l > 0 this holds due to
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superimposition). Therefore,yp = cp (cp is the number of
such items ofQ). From the definition ofy′

p it follows that
y′

p = cp, hencey′
p = yp.4

From all above cases, it follows that∀ p it is
y′

p ≤ yp ⇒ ∑F−1
p=0 y′

p ≤ ∑F−1
p=0 yp ⇒ y′ ≤ y.

Proposition 1. The optimistic bounds derived by Eqs. 3 and
4 do not produce false-dismissals.

Proof. It has to be shown thatOptSim(Q,Sl(T )) ≥
Sim(Q,T ), for eachSl(T ) (l ≥ 0), whereT is a trans-
action in the index andQ is a query transaction. It holds
that OptSim(Q,Sl(T )) = f(x′, y′) (from Definition 3)
and thatSim(Q,T ) = f(x, y). Sincex′ ≥ x andy′ ≤ y
(from Lemma 1 and 2), it follows thatf(x′, y′) ≥ f(x, y),
becausef(·, ·) is increasing in terms of the first argument and
decreasing in terms of the second. Therefore, the required
inequality holds.

Conclusively, the derived optimistic bounds guarantee that
all transactions which satisfy a similarity query, are included
in the result. It is worth noticing that other signature gener-
ation schemes, from the domain of information retrieval and
text databases, which represent each item with more than one
bits, cannot present the aforementioned properties so as to
guarantee no false-dismissals.

3.2 Indexing method

Several single-level indexes for signature data have been pro-
posed [4,18], which act as filters for the partial retrieval prob-
lem.Multi-level indexes for signature data have also been pro-
posed [24,7]. The RD-tree [14] is a generalized tree for set
data. One of the options in [14] is to represent the contents of
the nodes with signatures. The resulting scheme is equivalent
to the S-tree [7].

The S-tree is a height balanced tree. It resembles the
paradigm of the R-tree [13] for spatial data. Each node con-
tains a number of entries, each of them being a pair that con-
sists of a signature and a pointer to the child node. The root
node can accommodate at least two and at mostM entries,
whereas the remaining nodes can contain at leastm and at
mostM entries. Signatures at the upper levels (i.e., internal
nodes) are formed with superimposition (OR-ing). An exam-
ple of an S-tree with three index levels is depicted in Fig. 3.
In this example,F = 8 (the length of the signatures), whereas
the universal set isU = {1, . . . , 100}. The hashing function is
H(x) = xmodF , whereasM (max fanout) is 4 andm (min
fanout) is 2. Transactions are depicted at the data level.

The S-tree is an index for dynamic data. Insertions are
performed by traversing the tree in a top-down manner and
selecting the leaf nodeN that its signature will require the

4 It should be noticed that ify′
p was considered, as previously,

equal to 0, then the required inequality would still hold. However,
this would affect the tightness of the bound and the number of false-
drops, which affect the performance of the search procedure.

minimumweight increase, denoted asε(N), to accommodate
the new entry. Lets be the signature ofN (resulting from the
superimposition ofN ’s contents) ands′ the signature of the
new entry; thenε(N) = γ(s∨ s′)−γ(s), whereγ(s) denotes
the weight ofs, i.e., the number of set bits (equal to one) in
s. For instance, lets = {1, 0, 1, 0} ands′ = {1, 1, 0, 0}, thus
ε(N) = 1, due to the second bit that is set ins′ but not ins.
After the insertion in the selected leaf node, the parent-node
signaturemay need to be updated, so as to include the new one
(for each set bit in the signature of an entry in a child node, the
signature of the parent node has the corresponding bit also set;
see Fig. 3). In the case that the selected leaf nodeN contains
the maximum number of entriesM , then it has to be split. A
new node is created and the contents ofN along with the new
entry are distributed betweenN and the newly created node
(more details on the split procedure are given in Sect. 4.1).
After the split, the signature of the newly created node (i.e.,
the superimposed signature of all signatures contained in the
new node) is inserted in the parent node. Since the latter may
also containM entries, the split may propagate up to the root
node. In case the root node splits, a new root is created and
the height of the tree is increased by one.

The performance of query processing is affected by the
number of examined index nodes, since this factor impacts on
both the I/O and CPU time overheads (the fetching of nodes
from secondary storage and the processing of their contents).
Therefore, in a way that is analogous to the paradigm of the
R-tree [13], the following optimization criterion can be stated:
The weight of each node signature should be minimized(i.e.,
the minimization of the number of set bits in each node sig-
nature). As described earlier, a signature of a nodeN (which
is stored inN ’s parent node) acts as “bounding signature”
for the signatures stored inN and all its descendants. Thus,
the minimization ofN ’s weight aims at the tighter enclosure
of bounded signatures (this is similar to the minimization of
MBR area in the R-tree, which reduces the dead space). Ev-
idently, the weight-minimization criterion tries to reduce the
probability that each node will be examined, since a less tight
enclosure of bounded signatures will result in a more frequent
node activation.

Clearly, theaforementionedoptimization criterionpursues
the improved clustering of signatures with the objective of
good query performance. This targets several types of queries,
suchassubset- andsuperset-containment queries [7,28], range
andk-nearest-neighbor similarity queries (the algorithmic de-
scription of similarity queries is given in the following sec-
tion). The achieved signature clustering is independent from
the query type and moreover, for similarity queries, indepen-
dent from the used similarity measure (it has to be considered
that in the analogous paradigm of the R-tree, the clustering of
spatial objects is also achieved independently from the query
type; i.e., the R-tree can serve as a versatile index for several
types of queries such as the range,k-nearest-neighbor, spatial
join, etc.). This is in accordance with what is desired for the
case of transactions databases, as also stated in [3], because
several types of queries or similarity measures can be served
by the index5.

5 Please notice that the weight increase measureε is intuitively
related to similarity measures of the formf(x, y), sinceε considers
both the common and the different bits among the signatures. How-
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Fig. 3.Example of an S-tree

The fulfilment of theweight-minimization criterion is con-
sidered during the insertion procedure, where, as described
previously, the leaf selection for the accommodation of the
new entry is done with the examination of the weight increase
ε. Additionally, the criterion is also considered by the split
procedure, during the distribution of entries between the two
resulting nodes, by assigning each entrye to the node that will
present the largest difference in weight increase for the ac-
commodation ofe [7,28] (see also Sect. 4.1). In this work, as
an initial base, we follow the approach of [28] for organizing
collections of transaction in a multi-level signature indexing
scheme. Nevertheless, we examine enhancements for the split
procedure and the node storage scheme, which are presented
in Sect. 4 and aim to the further consideration of the weight-
minimization criterion.

3.3 Processing of similarity queries

3.3.1k-Nearest-neighbor query

The algorithm for thek-nearest-neighbor query is based on an
index traversal. By pruning paths according to theOptSim(·, ·)
measure (Definition 3), the traversal reaches the leaf nodes.
The transactions indexed by the leaf node’s entries determine
the actual similarity.

For simplicity reasons, only the case of 1-nearest-neighbor
is given (thek-nearest-neighbor algorithmmerely has to keep
track of all thek-nearest-neighbors during the searching, in-
stead of only the first one). The algorithm is depicted in Fig. 4.
It is based on the depth-first search of the index and is analo-
gous to the paradigm of [23] (the paradigm of [16] may also
be followed; we have developed the analog of the search pro-
cedure of [16], but it did not show a significant performance
difference, mainly because the nodes close to the root level

ever, no strict relation holds between them, because the optimization
of f(x, y) requires both the maximization ofx and the minimization
of y. In contrast, the minimization ofε (weight-minimization crite-
rion) may conflict with the maximization ofx or minimization of
y, because the ordering of the two corresponding signatures is taken
into account in the calculation ofε (see the definition ofε which was
given above). For this reason,f(x, y) cannot be directly considered
for the weight-minimization criterion.

Procedure DFS-NN(Q, Node, currNN)
begin
1. foreachentryei ∈ Node
2. calculateOptSim(Q, ei)
3. sort{ei|ei ∈ Node} in decreasingOptSim
4. foreachei ∈ Node andOptSim(Q, ei) > Sim(Q, currNN){
5. if Nodenot leaf
6. DFS-k-NN(Q, ei.child,currNN)
7. else{
8. Ti = ei.transaction
9. if Sim(Q,Ti) > Sim(Q, currNN)
10. currNN = Ti

11. }
12. }
end

Fig. 4.The algorithm for the nearest-neighbor query

produce over-optimistic similarities which affect the breadth-
first search procedure of [16] – see Sect. 4.2). However, the
only possible pruning criterion is the one of Definition 3 (op-
timistic bound). Hence, pruning can be applied upwards only
(step 4). Initially, thecurrNN variable (that at the end will
contain the nearest-neighbor transaction) is arbitrarily set to
one of the transactions in the database (e.g., the first one) and
functionDFS-NN is invoked for the root node. The sorting
of node entries (step 3) is done in decreasing order of the
optimistic bound, because in such a way paths that are more
promising to contain the result transactions are searched first
(as a tie-breaking criterion, different similarity measures can
be used; for instance, for the x/y measure, ties can be resolved
with the inverse of hamming distance). The testing of the ac-
tual similarity value with the transactions is done at the data
level (steps 8-10) by retrieving the corresponding data pages
(recall thatSim(·, ·) calculates the actual similarity between
two transactions, not between their signatures).

Example. LetQ = {4, 74, 83, 87, 91} be a query transaction
for the index depicted in the example of Fig. 3. We use the
f(x, y) = x/y similarity measure. Then (using the same hash
functionas in that example),S(Q) = {0, 0, 1, 1, 1, 0, 0, 1}and
C = {0, 0, 1, 2, 1, 0, 0, 1} (i.e, at position 3 ofS(Q) two items
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Procedure Range(Q, Node, r)
begin
1. foreachentryei ∈ Node
2. calculateOptSim(Q, ei)
3. foreachei ∈ Node andOptSim(Q, ei) > r {
4. if Nodenot leaf
5. Range(Q, ei.child,r)
6. else{
7. Ti = ei.transaction
8. if Sim(Q,Ti) > r
9. outputTi

10. }
11. }
end

Fig. 5.The algorithm for the range query

arehashed,whereasat positions2, 4, and7one item ishashed).
DFS-NN starts with nodeA (root node), wherecurrNN is
initially set equal to the first transaction, i.e.,{7, 16, 34} (the
similarity betweenQ and this transaction is 0). The optimal
bound for the twoentries ofA is calculated.Theoptimal bound
betweenQ and{1, 1, 1, 0, 0, 1, 1, 1} is x′

y′ = 2
3 , whereas the

optimal bound betweenQ and{0, 0, 1, 1, 1, 1, 1, 0} is x′
y′ = 4

1 .
Thus, nodeC is visitedfirst.Theoptimal boundbetweenQand
{0, 0, 1, 0, 1, 1, 1, 0} is 2

3 , whereas the optimal bound between
Q and{0, 0, 1, 1, 1, 0, 0, 0} is 4

1 . According to this, nodeG
is visited next, and the optimal bound for both its entries is
similarly calculated as 4. Finally, the transactions in data node
K are retrieved andSim(Q, {4, 74, 83, 91}) = 4, whereas
Sim(Q, {4, 83, 90, 100}) = 2

5 . Therefore,currNN is set to
{4, 74, 83, 91}. Since the optimal bound of all remaining node
entries (that were examined during the DF-search) is lower
than thesimilarity tocurrNN, theprocedure terminates, having
determined the nearest-neighbor transaction.

3.3.2 Range query

In [3] no algorithm is provided for the range query.We present
an algorithm, which, similarly to the one for the nearest-
neighbor query, traverses the index and prunes the visiting
to subtrees according to theOptSimcriterion. The algorithm
is depicted in Fig. 5.

3.4 Qualitative comparison

Having described the basic scheme of both S3Band signature-
table, herein we briefly summarize the rationale in the devel-
opment of the proposed method and give a qualitative com-
parison among the two schemes. The presented issues address
the earlier described motivation.

The signature-table maintainseverypossible supercoordi-
nate independently from the data, therefore supercoordinates
are not derived from the contents of the indexed dataset. Their
length (i.e., signature cardinalityK) is restricted, because it
causes an exponential increase to the size of the signature-
table6. This can impact on the number of false-drops and to

6 The value ofK that is used in [3], is equal to 15.

cause an I/O overhead. The reason is that a smaller number of
partitions results into more items within each one, thus to an
increased probability of conflict. In contrast, S3B uses signa-
tures derived from the data, i.e., each signature is formed from
the corresponding transaction. Thus, the signatures can have
much larger sizes (hundreds of bits), compared to supercoor-
dinates.

Moreover, the clustering of signatures in the signature-
table is achieved through a variation of the single-link algo-
rithm that is applied on the items (see Sect. 2.1). This clus-
tering approach, however, may present the drawback of the
single-linkage effect, i.e., the incorrect merging of clusters
(see [12] for a description of the problem in the case of multi-
dimensional points). In the case of items (in basket data), the
single-linkage effectmay incorrectly cause the creation of par-
titions comprising long “chains” of items that have only pair-
wise correlation. In contrast, S3B takes a different approach
for the clustering of signatures, by capitalizing on the weight-
minimization criterion, to achieve the activation of as few tree
nodes as possible during query execution.

S3B uses a multi-level index, in contrast to the signature-
table, which is a single-level index. Thus, S3B can better ex-
ploit the branch-and-bound technique so as to increase the
selectivity during query processing. Additionally, the multi-
level signature index does not involve the costly operation of
sorting for the entire index, as in the case of signature-table.
The only required CPU cost involves the comparison of the
signatures in the index against the query one and the sorting
of the former according to the calculated similarity. However,
this sorting is a local operation (i.e., within nodes) and is per-
formed only for the tree nodes that are activated by the query.

Finally, S3B can handle dynamic data. The multi-level
signature index is a dynamic data structure, whereas the
signature-table requires the knowledge of the transaction
database beforehand to derive the partitioning.

4 Enhancements for large databases

In this sectionwe present a twofold enhancement for the index
used by S3B for the organization of signature representations.
It consistsof an improvedsplit procedureandapagingscheme,
which significantly reduce the query execution times in large
transactions databases.

4.1 Split method

The split method for the case of signature data can be stated
as follows. Given a nodeN with M signature entries (M is
the maximum allowed number of entries) and a new entrye
that has to be inserted inN , the method will produce two new
nodesN1 andN2 (|N1|+ |N2| = M +1) and consists of two
steps:

A. The initial selection of two seeds, i.e., two entries among
N ∪ e that will be the first entries ofN1 andN2, respec-
tively.

B. The iterative selection of the remaining entries, which will
be inserted inN1 andN2.

As described in [28], the selection of a split method can
largely affect the performance of the index, in terms of query
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Procedure Split(N, e)
begin
1. MinMaxWeight←∞, Ns

1 ← ∅, Ns
2 ← ∅

2. foreachpair of entriesei, ej ∈ N ∪ {e} {
3. N1 ← ei, N2 ← ej

4. R = (N ∪ e)− {ei, ej}
5. while R �= ∅ {
6. foreachek ∈ R {
7. ε(N1, ek) = γ(S(N1 ∨ ek))− γ(S(N1))
8. ε(N2, ek) = γ(S(N2 ∨ ek))− γ(S(N2))
9. δ(ek) = |ε(N1, ek)− ε(N2, ek)|
10. }
11. selectem = min∀ek∈R{δ(ek)}
12. if ε(N1, em) < ε(N2, em)
13. N1 ← N1 ∨ em

14. else
15. N2 ← N2 ∨ em

16. R← R− {em}
17. }
18. w = max{γ(S(N1)), γ(S(N2))}
19. if w < MinMaxWeight{
20. MinMaxWeight← w
21. Ns

1 ← N1

22. Ns
2 ← N2

23. }
24. }
25. return Ns

1 , Ns
2

end

Fig. 6.The proposed split algorithm

execution times. The instantiations of Steps A and B in the
above abstract split scheme determine both the complexity
of the split method and its efficiency during query execution.
A method with a larger complexity can clearly pay-off by
presenting improved query processing performance. In [28],
several splitmethodsareproposed,whichoutperformprevious
ones (such as the method of [7]) for the case of inclusion
queries. Nevertheless, due to the scalability requirement in
the case of processing similarity queries in large databases of
basketdata,wepresentanewsplit algorithm,which isdepicted
in Fig. 6.

In this split algorithm, every pair (step2) of entries is tested
as possible seeds (for the Step A of the general split scheme
described previously). The two seeds comprise the initial en-
tries of the new nodesN1 andN2 (step 3). Then, from the
set of remaining ones, denoted asR (step 4), entries are as-
signed toN1 andN2. For each entryek in R (step 6), the
corresponding weight increases of the signatures of the two
nodes (denoted asε(N1, ek) andε(N2, ek), respectively) are
calculated (steps 7-8). In addition, forek, the difference in
weight increase, i.e., the absolute difference value between
ε(N1, ek) and ε(N1, ek), is assigned toδ(ek) (step 9). The
entryem of R with the largest difference in weight increase
δ(em), is selected (step 11), is assigned to the corresponding
node (steps 12-15) and is removed fromR (step 16).When all
entries have been assigned toN1 andN2, the algorithm exam-
ines the maximum weight,w, amongγ(S(N1)) andγ((N2))
(step 18). Ifw is less than theminimum suchweight examined
so far (denoted asMinMaxWeight), then nodesN1 andN2 are
selected as the best pair (steps 21-22). Finally, the algorithm

returns the selected best pair of nodes (denoted asNs
1 and

Ns
2 ), thus the split is performed.
It can be easily shown that the complexity of the proposed

split algorithm isO(M4), whereM is the maximum number
of entries in a node. SinceM is constrained to take small
values (see due to the paging scheme of Sect. 4.2), it can be
safely guaranteed that the overall overhead for performing the
split is not significant.

It has to be mentioned that in [7,28] less costly split al-
gorithms have been proposed; for instance, split algorithms
of linear or quadratic complexity, which use simple heuristics
(with linear complexity) for the instantiation of Step A of the
abstract split scheme (given in the beginning of this section).
However, poor seed selection, due to the simple heuristic, can
significantly impact on the split result, since nodes with large
weights may occur. In addition, existing split algorithms of
linear and cubic complexity [7,28] perform a simple heuristic
(with linear complexity) for the instantiation of Step B (i.e.,
assignment of the remaining entries). Similar to the previous
case, a poor assignment, due to the simple heuristic, impacts
on the split result, since nodes with large weights may oc-
cur. In contrast, in the proposed algorithm, the instantiations
of both A and B Steps use heuristics of quadratic complexity
(differently from the simple heuristics of linear complexity,
which are used in existing algorithms) so as to consider in
more detail the weight-minimization criterion (described in
Sect. 3.2). For StepA, each possible pair of seeds is examined
(at steps 19–22), whereas for Step B, the assignment of each
entry is done through the examination of each one, each time,
and the selection of the one that incurs the smallest weight-
increase. Finally, the selection of the resulting two nodes is
performed with respect to the minimization of the maximum
weight (through the MinMax value that is used in the algo-
rithm) between the two resulting nodes7. The performance
gains due to the proposed split algorithm are examined exper-
imentally in Sect. 5.3.5, in terms of query execution time.

4.2 Paging scheme

An important limitation of existingmulti-level indexes for sig-
nature data is that nodes which are close to the root level tend
to have reduced selectivity [7]. This impacts on the query ex-
ecution time, especially in the case of very large databases.
The reason for the aforementioned problem is the accumula-
tion of a large number of set bits (i.e., bits equal to ‘1’) in the
signatures of the upper-level nodes, due to the superimposi-
tion of the signatures from the lower levels. Hence, in existing
indexes, the weight-minimization criterion is not effectively
achieved at the nodes residing at levels close the root level.

To avoid this , the node size of the index should be kept
small, relative to the capacity of physical pages. More pre-
cisely, let a nodeN andS(N) its signature, which is stored
atN ’s father node. The bit at the ith position inS(N) is the
result of the logical OR between the bits at ith positions in the
signatures of allN ’s entries. Therefore, the probability that
the ith bit is set inS(N), is proportional to the number ofN ’s

7 Other possible heuristics have also been examined, e.g., themin-
imization of the sum of the weights of the two nodes; however, this
did not give better results.
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Node1

Node2 Node3 Node4

Page

Fig. 7.Example of paging forNfr = 4

entries, which is equal to the size ofN . Since the logical OR-
ing in S(N) is done independently for each bit position, the
expected weight ofS(N ) (i.e., the expected total number of
set bits inS(N)) is the sum of the above probability for every
bit position. Therefore, the expected weight is proportional to
N ’s size [considering that the total number of bit positions in
S(N) is equal toF , which is a constant (Sect. 3.1)]. Hence,
the expected node weights, especially for the nodes close to
the root level, can be reduced by keeping the node sizes small.

However, the use of small node sizes results in a waste of
space, because awhole physical page is reserved to store just a
small node. For this reason, the storing of nodes has to be done
according to a scheme that maps the contents of several nodes
to physical pages. For this purpose, up toNfr (stands for node
factor) nodesarestoredwithineachphysical page.Anexample
is illustrated in Fig. 7. There is a clear distinction between
the logical storage scheme, which uses small nodes so as to
reduce weight increase (weight-minimization criterion), and
the physical storage scheme, where several nodes are mapped
to the same physical page so as to reduce the space overhead.

When a nodeN is split, according to the above scheme,
the resulting new node is stored in the same physical page
that containsN . However, if this page is full, i.e., it contains
Nfr nodes, then the new node is stored in the first page that
can accommodate the node (the addresses of such nodes along
with the correspondingNfr are kept in a list in main memory).
If no such page exists, a new physical page is created to store
the node. For static data, a different mapping scheme can be
followed. First, the index is constructed and then the nodes are
stored in physical pages (Nfr nodes in each page) according
to theirBreadth-Firstorder in the index. Thus, nodes that are
close are stored in the same physical page.

Consequently, theproposedpagingschemeperformsa fur-
ther consideration of the weight-minimization criterion and
can produce a very effective storing of the index on disk. Ex-
perimental results in Sect. 5.3.5 illustrate its superiority.

5 Performance results

In this section we present the experimental results on the
performance of S3B. Since the signature-table comprises the
state-of-the-art method for similarity searching in basket data,
it is used here for comparison. We use both synthetic and real
datasets to examine the performanceof thek-nearest-neighbor
and the range query with respect to the query size, the size of
thedatabase, the length of transaction, and thenumber of items
in the domain. In addition, we examine the impact of factors
such as the skewness of item distribution within transactions

and the buffer size. Moreover, the efficiency of the proposed
enhancements, presented in Sect. 4, is measured against ex-
isting approaches.

5.1 Methodology

We have implemented both S3B and signature-table (denoted
asSThenceforth) inC.A significant issue for ST is the scheme
for the organization of transaction data on disk (see Fig. 2).
In [3] no indication is provided for this issue. Nevertheless,
the required organization scheme presents similarities with
the one for storing data records in traditional indexes (e.g.,
B+-tree). Therefore, the approach ofposting-lists[8] can be
followed.With such a scheme, ST can handle dynamic data. It
can be assumed that patterns (i.e., associations between pairs
of items) are valid for some period of time (after the inser-
tion of new transactions). Hence, given a partitioning that has
been derived from the existing transactions, new transactions
are inserted according to their supercoordinate value, in the
available bucket of the corresponding posting-list. During the
insertions, in caseof bucket overflows, thesizesof newbuckets
are determined according to [8].As described, S3B can handle
dynamic data without any problem. For S3B, the transactions
at the data level are also organized with the scheme of [8].

For static data, we developed an optimization for ST by
bulk-loading the transactions in disk pages. Transactions are
initially sorted according to their supercoordinate values and
then they are inserted in this sorted order. Thus, transactions
occupyconsecutiveSTentriesandcompletely fill diskpages (a
disk pagemay contain transactions with different, but consec-
utive, supercoordinates).Whenever a disk page is full, the next
transaction is inserted in a new page. This way, ST presents
reduced space overhead and improved performance during
query execution (as will be shown in the following). How-
ever, new transactions cannot be inserted, since the insertion,
even of few, transactions in arbitrary places requires the shift-
ing of all the remaining transactions, which is an operation
with prohibitive cost for data stored on disk. Consequently,
this optimization is applied only for static data. Moreover, we
apply a further optimization by removing all supercoordinates
from the signature-table that do not contain any transactions.
This way, the CPU overhead is improved, since ST has to sort
fewer supercoordinates during query execution. (Following
the approach of [3] for ST, we first compute the similarities of
the table entries against the query and then we sort them. We
have also tried other variations, such as using a B-tree to get
a sorted order of similarities, but they did not produce signif-
icantly different results.) Again, this optimization applies for
static data, because the removing of supercoordinates cannot
beapplied for dynamicdata (new transactionsmaybeassigned
to such supercoordinates).

Finally, the default page sizewas set to 4K, the default sig-
nature size for S3B was set to 1,000 andNfr to 3. The default
signature cardinality,K, for ST was set to 15, as indicated
in [3]. We tried several similarity measures, presented in [3].
Here, we use the similarity measuref(x, y) = x/y. The other
examinedmeasuresdid not showdifferences in relative perfor-
mance between S3B and ST, and are omitted for brevity. The
default buffer size was set to 25% of the dataset size (for ST,
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Fig. 8.Performance for similarity queries
against query size.Left: k-nearest-
neighbor query with respect tok. Right:
range query with respect tor (radius)
threshold

the table with the supercoordinates occupies pinned memory
space within the buffer).

5.2 Datasets and measures of performance

In order to have better control over the impact of several data
characteristics, we used the synthetic data generator for basket
market data which is presented in [2] and is also used in [3].
Moreover, we used real data that are obtained from user traces
in a web portal. In order to follow the distribution of each
dataset, we selected query transactions as transactions from
the dataset.

For the synthetic data, the notation followed is TxIyDz,
denoting that the mean size,|T |, of transaction isx, the mean
size, |I|, of the potentially large itemsets isy, and that the
database containsz transactions. Following [3], we use cor-
relation factor (i.e., the factor of common items between suc-
cessive transactions during their generation) equal to 0.5. The
default values were the ones in [3]:x equal to 10,y equal
to 6, z equal to100K. The number of total items was equal
to 1,000. The other values (noise factor, etc.) were set to the
default values of the generator [2].

The characterization of performance is given with the
query execution time (wall-clock time). Additionally, for pur-
poses of comparison, we use as performance measure the per-
centage of pruned transactions (i.e., those not examined by the
similarity query), since this is the only measure used in [3].

5.3 Results

5.3.1 Scalability

We examined the impact of the query size and the database
size. We use static transaction databases, so as to be able to
use the developed optimizations for ST (the case of dynamic

data is examined in the following). First, wemeasured the per-
formance with respect tok for thek-nearest-neighbor query,
and tor for the range query. The results for the T10I6D100K
dataset are depicted in the left and right parts of Fig. 8, respec-
tively. Both the execution time (in seconds) and the pruning
percentage is shown for each case.

Focusing on thek-nearest-neighbor query (upper-left part
of Fig. 8), S3Bpresents an improvement in the execution time,
which ranges from a factor of 10, for smallerk, to 4, for larger
k. Moreover, S3B achieves a significantly better pruning per-
centage, as depicted in the lower-left part of Fig. 8. With in-
creasingk, the pruning percentage of ST reduces significantly,
whereas for largek, S3B achieves a percentage larger than
90%. Analogous results were obtained for the range query
(upper-right part of Fig. 8). The improvement in execution
time ranges from a factor of 9, for larger, to 4, for smallr.
Turning our attention to the measure of pruning percentage
(lower-right part of Fig. 8), it is noticeable that the pruning
of ST reduces rapidly for smaller values ofr (i.e., for larger
range queries), whereas S3B attains a pruning percentage that
is constantly larger than 95%.

We nowmove on to examine the scalability to the database
size, measured in numbers of transactions. We report results
only on the nearest-neighbor query8, since results on the
range query were similar and are omitted. We used analo-
gous datasets to the one of the previous experiment, but with
varying numbers of transactions. Thus, they are denoted as
T10I6Dx. Figure 9 depicts the results.

As illustrated (left part of Fig. 9), S3B scales linearly to
the database size. On the other hand, the execution time for
ST also increases with increasing database size, but it does
not show a strictly linear behavior. Clearly, S3B outperforms
ST in all cases. For large database sizes, the performance im-

8 Since query transactions are selected from the dataset (to follow
its distribution), we use the 2-nearest-neighbor query to avoid the
result of the query transaction itself. This approach is followed in the
forthcoming experiments as well.
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Fig. 9.Scalability results with respect to
database size

provement is by a factor of 7 (note that for smaller sizes, the
improvement is larger). Therefore, S3B is scalable to large
databases. Focusing on the pruning percentage (right part of
Fig. 9), we observe that for both methods it increases with
increasing database size. This is in accordance with the find-
ings of [3]. The reason is that, for larger databases, a relatively
larger percentage of transactions can be pruned by the same
optimum similarity bound [3]. Nevertheless, in all cases, S3B
presents a significantly better pruning percentage, compared
to ST.

5.3.2 Sensitivity

We turn our attention to the sensitivity against the mean trans-
action size and the total number of items in the database (i.e.,
the cardinality of the universal domain). For the former case,
we used analogous datasets to the ones in previous exper-
iments, but with varyingT ; therefore, they are denoted as
Tx.I6.D100K. For the latter case, we used datasets denoted
as T10.I6.D100K, which are analogous to the one used in the
first experiment, but with a varying total number of items. The
results are depicted in Fig. 10.

As depicted in the upper-left part of Fig. 10, the execution
time of ST and S3B increases with increasingT . However, the
increase for ST is significantly more noticeable. S3B is much
less affected by increasedT , and it presents an improvement
of a factor of 8 for larger values ofT . Focusing on the pruning
percentage (lower-left part of Fig. 10), as expected, it reduces
with increasingT . The reduction is rapid in the case of ST,
whereas S3B achieves a pruning percentage larger than 97%
in all cases.

The upper-right part of Fig. 10 depicts the execution times
for varying number of items. S3B is not affected by an in-
creasing number of items. The same can be stated for the
pruning percentage of S3B (lower-right part of Fig. 10), in-
dicating that the signature-based representation of S3B is ef-
fective for transaction databases with large numbers of items.
On the other hand, ST presents an increase in the execution
time with an increasing number of items. For a larger number
of items, the single-link method, upon which the partition-
ing is based for ST, may not retain the clustering quality (see
Sect. 3.4). Although the pruning percentage of ST increases
slightly (lower-right part of Fig. 10), the processing of the
remaining transactions requires larger time, due to the poor
distribution of the signature-table entries, as described above.

Next, we examine the impact of skewness in the distribu-
tion of itemswithin transactions.Wemodified the data genera-
tor of [2] accordingly. Based on the approach in [22] and by as-

suming a mapping of items into consecutive integer numbers,
the probability of itemi to be included within a transaction
is the following (note that the first factor is the normalization
constant):

pi =
1

∑N
j=1 1/j1−θ

· 1
i1−θ

, N is the total number of items

Therefore, according to the value ofθ, we can control the
distribution of items. Forθ = 0, pi follows a pure Zipf dis-
tribution, whereas forθ = 1, pi corresponds to the uniform
distribution (note that the generator of [2] uses an exponential
item distribution).

We used the T10I6D80K datasets with varying values of
θ and we examined the 2-nearest-neighbor query. The results
are depicted in Fig. 11. S3B is not significantly affected by
large skewness in item distribution, i.e., small values ofθ. Its
execution time (left part of Fig. 11) presents a slight increase
only for very smallθ values, mainly because the collisions be-
tween frequent items (through the used hash function) result
in a small increase in the false-drop probability. This is also
shown in the pruning percentage of S3B (right part of Fig. 11),
which presents analogous behavior. In contrast, it is worth not-
ing that for ST the execution time reduceswith reducingθ. For
very small valuesofθ –which, however, arenot realistic for the
case of real-world examples9 but are considered here for com-
parisonpurposes–STachieves lower execution times. In these
extreme cases, very few items appear frequently and the others
appear in a very small number of transactions. Thus, due to the
partitioning of ST, the former items comprise a small number
of signatures, which, however, are activated very frequently.
Consequently, queries tend to access the transactions indexed
by these signatures, whereas the remaining ones are activated
rarely. Because of the effective use of buffering, the improve-
ment in the execution time follows (since the corresponding
pagesof the frequently activated signatures are accessed repet-
itively, their buffering is effective). Nevertheless, S3B clearly
outperforms ST in all cases. Focusing on the pruning percent-
age, S3B achieves a higher percentage, although ST presents
an increase (about 2.7%) in its pruning percentagewith reduc-
ing θ, since, for reducingθ, each query for ST concentrates
on fewer transactions (as described previously).

Evidently, the performance of both S3B and ST depends
on the size of the available buffering space. We examined the
impact of buffer size,measured as a percentage of the database
size.We used the T10I6D100K dataset, and the results for the
2-nearest-neighbor query are depicted in Fig. 12. To clearly

9 This is in accordance with the description of [22], where only
values larger than 0.6 are considered forθ.



150 A. Nanopoulos, Y. Manolopoulos: Efficient similarity search for market basket data

0

0.5

1

1.5

2

2.5

3

3.5

6 8 10 12 14

tim
e(

s)

transaction length

TxI6D100K, 2-NN-query, Sim=x/y

S3B
ST

0

0.2

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

2 2.5 3 3.5 4 4.5 5

tim
e(

s)

number of items (x 1000)

T10I6D100K, 2-NN-query, Sim=x/y

S3B
ST

65

70

75

80

85

90

95

100

6 8 10 12 14

pe
rc

 p
ru

ne
d 

tr
an

sa
ct

io
ns

transaction length

TxI6D100K, 2-NN-query, Sim=x/y

S3B
ST

92

93

94

95

96

97

98

99

100

2 2.5 3 3.5 4 4.5 5

pe
rc

 p
ru

ne
d 

tr
an

sa
ct

io
ns

number of items (x 1000)

T10I6D100K, 2-NN-query, Sim=x/y

S3B
ST

Fig. 10.Left: nearest-neighbor query with
respect to mean size,T , of transactions.
Right: nearest-neighbor query with re-
spect to total number of items in database
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present the impact of increasing buffer size, the relative execu-
tion times are illustrated in Fig. 12 (i.e, for each buffer size, the
ratio of execution time against the lowest one, attained by S3B
for the largest examined buffer size, is given). As illustrated,
ST loses out significantly for small and medium buffer sizes.
S3Bpresents a large improvement between 10%and 20%, due
to the overhead presented by the examination (fetching from
secondary storage) of a large percentage of upper-level nodes
in the case of small buffer sizes (less than 20%). For larger
sizes, as expected, both methods converge to a point, since a
large part of the contents of the indexes can be accommodated
in the buffer.

5.3.3 Dynamic data

We now move on to the comparison between S3B and ST for
dynamic data. As described, in this case the developed opti-
mizations cannot be used for ST. This mainly affects the I/O
overhead of ST, since, different to static data, the transactions
cannot be bulk-loaded into the data pages of ST. More pre-
cisely, for a given collection of transactions, the pruning per-
centage is independent from themethodof their loading (either
dynamic insertion or bulk-loading), because the same transac-
tions will be pruned for a given query. However, the examina-
tion of the remaining transactions requires a different number
of disk accesses between the two cases. For this reason, we
focus on the number of disk accesses tomeasure the impact on
the factor of I/O overhead.We used theT10I6D100K datasets,
and the first 50% of the transactions were used to derive the
partitioning of ST (the others were dynamically inserted). We
examined thek-nearest-neighbor query for varyingk, and the
range query for varyingr. The results are depicted in the left
and right parts of Fig. 13, respectively, (to clearly illustrate the
increase in the number of disk accesses with respect to query
size, their relative numbers are given, which are normalized to
the minimum number of accesses in each measurement that is
obtained from the smaller query size). As shown, ST loses out
significantly. It presents a large performance degradation for
increasingk and decreasingr. This indicates that the perfor-
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Fig. 14.Performance results for the real
dataset and thek-nearest-neighbor with
respect tok

manceofST isnot satisfactory for largecollectionsof dynamic
transactions.

5.3.4 Real data

Weconclude the comparison betweenS3BandSTby conduct-
ing experiments with real data.We present the results on a real
Web-log trace from theClarkNetportal, which has been used
as benchmark in related work on Web log data mining10 (see
[21] for more details). We cleansed the log (e.g., by removing
CGI scripts, stale requests, etc.) and used theMF algorithm
[6] to create the transactions. The final database contained
133,248 transactions and 2,336 items (i.e., URLs). The results
for thek-nearest-neighbor query are depicted in Fig. 14.

As illustrated, both S3B and ST present increasing exe-
cution time with respect tok (left part of Fig. 14), but S3B
clearly outperforms ST. This is in accordance with the results
presented in the previous experiments. Note that the execution
times for both algorithms are relatively small, due to the small
transaction lengths that Web log data have (the average trans-
action length was less than 5). This is in accordance with the
results presented in Fig. 10, where the execution time reduces
with reducing transaction length. Focusing on the pruning per-
centage (right part of Fig. 14), we can observe that for both
S3B and ST it reduces with increasingk. However, the reduc-
tion is more noticeable in the case of ST, and S3B presents
a better pruning percentage. This result is in accordance with
the corresponding ones presented in the previous experiments.

5.3.5 Evaluation of enhancements

We measured the performance improvements due to the pro-
posed enhancements, which were presented in Sect. 4. The
10 available at http://ita.ee.lbl.gov/html/traces.html
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results for the T10I6D100K dataset and for thek-nearest-
neighbor query are depicted in Fig. 15. In this figure, ‘Quad’
denotes the index which: a) does not use the paging scheme
of Sect. 4.2 (i.e., in ‘Quad’ the logical page size is identical to
the physical page size); and b) uses a split algorithm of low
(quadratic) complexity, described in [28]. In the same figure,
‘Paging’ denotes the index which: a) uses the paging scheme
of Sect. 4.2 (withNfr = 3); and b) uses the same split al-
gorithm that is used by ‘Quad’. Therefore, the performance
of ‘Paging’ indicates the effectiveness of the proposed paging
scheme, compared to ‘Quad’ that does not use this scheme.
Evidently, the improvement reaped due to the paging scheme
is significant in terms of query execution time.

Moreover, in Fig. 15, ‘Paging-Split’ denotes the index
which uses both the proposed paging schemeand the proposed
split algorithm of Sect. 4.1. The comparison between ‘Paging-
Split’and ‘Paging’illustrates the improvement achievedby the
proposed split algorithm, compared to the quadratic algorithm
used in ‘Paging’. Note that the effectiveness of the proposed
paging scheme,which is used by both ’Paging-Split’and ‘Pag-
ing’, doesnot further allow for a large improvement by thesplit
algorithm itself. Nevertheless, ’Paging-Split’ clearly achieves
the lowest execution times among all methods, indicating the
efficiency of the combination of the proposed enhancements.
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6 Conclusions

We considered the problem of similarity searching in mar-
ket basket databases, i.e., the finding of transactions which
satisfy the criterion of a similarity query. We are interested
in complete results, not approximations and, moreover, in a
schemewhich is independent from thesimilaritymeasureused
during query execution. Both thek-nearest-neighbor and the
range query are examined. They suit the requirements for new
query processing techniques, presented by emerging applica-
tions (e.g., Web recommendation systems).

We proposed a novel scheme, namely S3B, which uses
a signature-based representation for transaction data. We ad-
dressed the problems of existing signature schemes by prov-
ing the correctness of the proposed type of representation.
On the basis of index structures for signatures, we devel-
oped a twofold enhancement for significantly improving the
efficiency of existing indexes. In addition, we presented al-
gorithms for the processing of nearest-neighbor and range
queries which use the properties provided by the proposed
representation method.

We carried out experimental results for a variety of factors.
We examined the performance relative to the query size, the
scalability to the database size, the effect of transaction size,
and the cardinality of the domain. In addition, we measured
the impact of skew in item distribution and the effect of buffer-
ing. In all the experiments S3B significantly outperforms the
signature-table, an existing method for similarity searching in
market basket databases. In summary, S3B is an efficient and
scalable scheme for large transaction databases.

Future work includes the extension of the proposed ap-
proach towards the development of clustering algorithms for
market basket databases.
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