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Abstract. Several organizations have developed very largeis finding a similarity-based neighborhood for the target cus-
market basket databases for the maintenance of custom&wmerC;. ForC;, thek most similar transactions fro» are
transactions. New applications, e.g., Web recommendatioidentified (according to a given similarity measure that denotes
systems, present the requirement for processing similaritgimilar purchasing preferences). This procedure formé&the
gueries in market basket databases. In this paper, we proposeighborhood [26], which can be used either for predicting the
a novel scheme for similarity search queries in basket datgprobability thatC'; will be interested in a given product, or for
We develop a new representation method, which, in contragproviding top-N recommendations, i.e., to recommend a list
to existing approaches, is proven to provide correct resultsof products that’; is most likely to purchase.

New algorithms are proposed for the processing of Sim”arityExampIe.Assume an e-commerce site. which trades a collec-

gueries. Extensive experimental results, for a variety of fac'tion of text books on databases, depicted in the upper part

;?;?éilél;itggfgrtp;Z;Jhpoedrlorlty ofthe proposed scheme overth%f 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
column denotes the transaction id and the right column the pur-
chased books), which contains the books purchased by each
customer so far. Assume a target (i.e., active) custamer
who has already purchased boaoks D, and E; hence the
current transactioff’ for C; is { 4, D, E'}. Therefore, the’;,—
neighborhood is identified by performing a nearest-neighbor

Market basket databases organize collections of transactiondUery to find the most similar transactionso where, for
Each transaction consists of a set of items from a specifiewStance’ the similarity measure is simply s_el_ect_ed to be the
domain (denoted as theniversal set Several organizations number of common purchased books (the similarity measures
store very large databases of market basket data, for instancil® €xplained in more detail in the following). For example,
retail companies. Recently, the emerging popularity of the Wen€ Similarity of 7 with the 5th transaction is equal to three,
has produced larger collections of basket data, especially in é/hereas the similarity of’ with the 2nd transaction is equal
commerce sites, where transactions may represent purchas one. Thus, th€t—n.e|ghborhood '(assumlng that the three
products, visited pages, etc. most similar transactions are required) consists of the trans-

In such cases, several applications, such as recomme@ctions with id equal to 5, 1 and 3, in decreasing order of
milarity. Next, based on the identified neighborhood, a sim-

dation systems, present a new need for query processing i hod to deri dati be foll q
large databases of basket data. Recommendation systems fif]Z method to derive a top-3 recommendation can be followe
] by finding the set of books in each transaction ofthe

widespread applications in e-commerce sites by making prod-~ )
uct recommendations during a customer interaction. One opeighborhood that have notyet been purchasede., not

the most successful recommendation system technologies {gPntained irl’). For instance, from the 1st transaction, these
date is collaborative filtering (CF) [11, 20, 17] which works by 'léms areB andz". Therefore, the complete collection of such
matching customer preferences to those of other customel€MS iS(B; £, C, C). By counting the frequency of each item

in making recommendations (collaborative filtering is used iniN the Iat_te_r set [26], a recommendgﬂon can pe provided to
many of the most successful recommendation systems, sut?q‘;t' consisting of booke’, B, andF, in decreasing order of

as Amazon.com and CDnow.com). In CF- based recommenfreduency

dation systems the input is the collection of purchased trans- * More complex methods can be followed as well to derive the
actions ofn customer onmn products, which comprise the top-N recommendation (e.g., by combining user ratings on existing
transactions databade [25]. The most important and com- products, as done in Amazon.com). Nevertheless, such issues are out
putational demanding step in the recommendation proceduref the scope of this work.

Keywords: Market basket data — Similarity search — Nearest-
neighbor — Data mining
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p-id | name (=) implies greater similarity (because it indicates more com-
A | Database Principles, Programming, Performance mon preferences), whereas a greater number of different items
B | Database System Concepts (y) implies less similarity (because it indicates more differ-
¢ | Database Tuning - A Principled Approach ent preferences). An example of such a similarity measure is
D | Fundamentals of Database Systems flz,y) = z/y [3]. More particularly, in ther /y similarity

£ | Principles of Database and Knowledge-Base Systems  \a54re both andy are considered because two transactions
E Relanor.lal Database Theory may have a large number of common itemsut also they

t-id | transaction may differ in a large number of items The dependence of the

1| {A B, D F} similarity measure on both of them avoids the latter problem.
g g’g}D} A Iarg(_a numbgr of other functiolns algo _satisfigs the above as-
4 {C’ D 7 sumption, for instancé(x, y) = 5 Whichis the inverse of the

5 {A: C,’D, B} hamming distance, afos(T1,Ts) = f(x,y) = \/ﬁ

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

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

In the above example, also assume that the bookstore d&€finition 1 (k-Nearest-neighbor query).Given a transac-

cides to place some particular books on sale. It is useful t31ONS databaseD and a query transactiow, find the set

identify the set of all users whose transactions have a simi/Y € D of k transactions { < k < |D]) such that for each

larity larger than a given threshold with the set of books on? € IV and¢’ € D — N it holds thatSim(q, t) > Sim(g,t').

sale (a case of range query), so as to send email notificationsig ose notice that strictly transactions most similar to the

tsgltgem, since it is probable that they will be interested in thequery are found, i.e., ties are resolved arbitrarily.
Moreover, new visitors in a Web site can receive indica-Definition 2 (Range search query).Given a transactions

tions of links to visit or dynamic advertisements, based on thedatabaseD, a query transactiory and a thresholdr, find

similarity of their currenttransaction (set of visited pages) with the set of transaction® C D such that for eacht € R it

the past transactions in the log file [10]. In addition, consider-holds thatSim(q,t) > r.

ing the emerging applications of Object Relational Database

Systems, transaction data can be supported by non-relational

extensions (e.g., set-valued data). Therefore, similarity searchr 2 syrvey

ing for transaction data can serve as a means for querying the

database as is the case for other non-relational data types jihou ; T
oo X ) . gh several algorithms have been proposed for similarity
ORDBMS, such as similarity searching for time series [1'9]'searching in high dimensional data [19, 5], their crucial char-

Finally, query processing techniques for similarity searchingy .taristic is theimensionality cursei.e., the rapid degrada-

over fransaction data may comprise primitives for more C0Mionin performance for increasing dimensionality. Therefore,
plex ones, such as the clustering of transaction data so as

identi ¢ h imilar behavior 129 [Rulti-dimensional access methods are not a viable solution
,IA\|ef:1tlfyf?I§up|f 0 q userr]s t ag presen;[j_surjn:c ar ﬁ a\gor [29]-for the problem of similarity searching in basket databases,
though basket data have been studied for other data ming,q 1 the very large dimensionality of the latter (in orders of

ing operations, such as association rules mining [2], the quer?ousands) and also due to their large sparseness (only few

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

processing technique_of similarity searching in databases o imensions are supported by each transaction) [3].
basket data present different objectives and requirements [3]. Thesignature-tabléndex method [3] is a specialized hash-

The description of other interesting applications can be founcbased scheme, which is the first work that was proposed for

in [3,10]. the nearest-neighbor problem in basket data. Its main char-

acteristic is that once a signature-table has been constructed,

S ) several similarity measures can been used for it, i.e., it is not

1.1 Similarity search queries restricted to only one measure. In addition, the underlying

search space is not necessarily a metric space (actually, the
The problem of similarity searching in market basket examined cases in [3] used non-metric spaces). Experimen-
databases requires the definition of a measure of similartal results in [3] considered the 1-nearest-neighbor query and
ity. Given two transactiond’ andTs, letx = |77 N T3] presented a sufficient index selectivity, by pruning the exam-
(i.e., the number of common items betweEnand7:) and  ination of a large percentage of transactions in the database.
y = |Ty — Tz| 4+ |T» — 11| (called the hamming distance, i.e., Since the signature-table comprises the state-of-the-art in the
y is the number of items in whiclf;, andT; differ). Then,  problem of similarity searching in market basket data, it is
based on [3], we consider similarity measures which are funcédescribed in more detail, along with the motivation, in Sect. 2.
tions of z andy; thus,Sim(T1,Tz) = f(z,y). Moreover, it Market basket databases are organized as collections of
is assumed thaf(z, y) is increasing with respect to and  transactions, which can be represented as sets of items (in
decreasing with respect ip This is a reasonable assumption non-first normal form). In [10] the closely related problem
and is in accordance with the intuitive notion of similarity of similarity searching in set databases is proposed. The only
for transaction data. Evidently, a higher number of matchessimilarity measure considered w&$m(71,7:) = m
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(normalized number of common items) and existing hash in- 000 ——
dexes were used. In general, the indexing scheme in [10] is
not independent from the similarity measure, because it is

001 é

S1={1,2,5.9}

based on embedding to theamming spaceand can only ad- S2=(34.8} 010 ——=

dress range search queries. Moreover, the provided solution (6% ou —>

is probabilistic, i.e., the result of a range query may not al- 10

ways contain all the sets within the specified range. Although, b - . .
in general, sets can represent transactions of basket data, sgg>6% — {101 101 > Listof ransactionsmapped 0 01 -
cialized characteristics of the latter are ignored with this repre- 110 ——

sentation. For instance, transactions of basket data are highly
skewed and correlated (containing patterns) and their lengths A
are clustered around a small mean value. Miﬂow
The inverted indexes and the signature files [4] are two

indexing schemes for set data that have been proposed for tHdd- 2. Example of the signature-table
problem ofpartial match retrieval For the problem of similar-

ity searching in basket data, the inverted index can efficientlyass‘ 1 <i < K (K is calledsignature cardinality. The

. ; X 1< i< .

ngg(ljeomhletgﬁnzzztrrgigrﬁﬁqsoen (i)tferr:]esa(ri;;;r;'ihg)o;ﬁéjenegartitioning is performed with a variant of the single-linkage

; L . lustering algorithm [27], which determinéSclusters amon
It cannot support gene_ral S|m|Iar|_ty. measures (because it hat e itemsgoflg In [3] [it is] assumed that the database is stgatic
to retrieve all transactions containirgly item in the query X ’

transaction [3]) or the range search query [3]. Experimenta chetrr:?v\fgai?;icnogﬁ d?reuksne%\'\]ﬁgr?ﬁgoéfuhsatgﬂh-r?se dde'ﬁ:%ndcgsbe'
results in [3] illustrate the deficiency of the inverted index. Si1 > 9

. . . o 1 .
Signatures are approximate representations of sets and ha%St(“’_”) N SUPPOVIu,iQ)_’Where sgpport{, iz) denotes the
been used for the purpose of superset/subset retrieval [18normalized frequency of itemsét, , i» } [2]. Thus, correlated
However, signatures, as they are presented in existing worktems are close (with respect to this distance measure) and

cannot guarantee exact solutions to the problem of similarityare clustered in the same partition. Then, given a user-defined
searching in basket data (see Sect. 3). parameterq (called activation threshold- denoted ag in

[3]), each transactioff’ is mapped to a bitmafb,, ..., bk},
calledsupercoordinatewhereb; = 1if |T' N S;| > a, oth-
1.3 Paper contribution erwiseb; = 0. By getting a table witl2’ entries, one per
each possible supercoordinate, each transaction is hashed to
In this paper we consider the problem of similarity search-the entry of the table that is indicated by its supercoordinate.
ing in market basket databases. We are interested in complete, An example is depicted in Fig. 2, wheké = 3 anda = 1.
and not approximate, results. We present a new methi@l, S EachS; partition (I < i < 3) is also depicted. Transaction
(denoting Signature-based Similarity Search for Basket-data)r — {5, 6, 9} is mapped to supercoordingte, 0, 1} (because
which is based on the representation of transactions with sig7" has two common items witli;, zero common items with
natures. Signatures comprise a compact and effective coding, one common item witt$;, anda = 1), thus it is stored
that captures the similarity between transactions. However, €Xn the corresponding list. As described in [3], the table with
isting signature creation methods do not guarantee the correghe supercoordinates is maintained in main memory, whereas
finding of all transactions that satisfy a similarity query. We the actual transactions, which are indexed by each entry of the
propose a signature representation method which is proved t§ignature-table, are stored on disk.
find the correct results. Given a query transactiof?, the nearest-neighbor query
On the basis of index structures for signatures, we propperates as a branch-and-bound searching method. For each
pose novel algorithms for processing similarity queries. More-sypercoordinaté C; (1 < i < 2X) of the signature-table, the
over, we develop enhancements that achieve significant pegptimistic (i.e., maximum) value of similarit§im, (Q, SC;)
formance improvements, compared to existing approachess calculated, called optimistic bouhdrhe optimistic bound
Extensive experimental results, which consider a variety ofis calculated by determining the optimal valugsy’ for =
factors, provide evidence of the superiority 685 andy, respectively (see Sect. 1.1). LBt= {b,...bx} be a
The rest of this paper is organized as follows. Section Zsypercoordinate of the signature-table ape- |Q N S;| (the
brleﬂy describes the main characteristics of the Signaturenumber of common items betweé?']and theSL partition of

table, and presents the motivation in our work. The proposeghe domaini). Then it holds that [3]%; denotes the inverse
approach is given in Sect. 3. Section 4 contains the proposegk p):
enhancements and Sect. 5 gives the experimental results. Fi-

11—

Disk

nally, Sect. 6 provides the conclusions X X
' ' ' m’zZFj~min{a—1,aj}+ij-aj (1)
Jj=1 j=1
2 Motivation K >
2.1 Signature-table y' = bjmax{0,a;—a+1}+) b;-max{0,a—a;}2)

<.
Il
i

j=1
Given a databasé), of transactions with items fromadomain 2 It holds thatSim,(Q, SC:) > Sim(Q, SC;), thus no false
1,the method in [3]first partitionsin K subsets, each denoted dismissals are presented [3].
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For the previously illustrated example, let a quepy = better exploit multi-level indexes in order to reduce the
{2,6,10}. Then, for the supercoordinafé, 0,1}, itisz’ = 3 examined portion of the database [23].
andy’ = 0. Characterizing efficiency: the experimental results in [3]

The nearest-neighbor query proceeds by sorting the super- were constrained to the 1-nearest-neighbor query. The
coordinates of the signature-table in decreasing order of the range query (Definition 2) is briefly mentioned in [3], but
optimistic bound and by testing them sequentially. If a super-  no results are presented for it. A clear performance char-
coordinate has an optimistic bound larger than the similarity = acterization should consider both thenearest-neighbor
of the currently most similar transaction € (assuming the query ¢ > 1) and the range query.
1-nearest-neighbor query), the transactions indexed by it are
retrieved and are examined agaiiitand the result is up- ) o
dated. Otherwise, the search to the transactions indexed by S'B: signature-based similarity search for basket-data

the supercoordinate can be pruned. The proposed method, denoted3ignature-based Similarity

Search for Basket-datés®B), consists of two main compo-
o nents: a) the method for the representation of transaction data;
2.2 Motivating factors b) an indexing scheme along with the algorithms for similar-
ity searching, for the organization of representations. These
Although [3] addressed the problem of similarity searchingcomponents are analyzed in the following.
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 aré-1 Representation method
summarized in the following and comprise the motivation of

: LetU be the universal set (the domain of all items). Then, each
this work.

transaction is a vector in thé/|-dimensional space, where
Query execution time: in [3], the performance of the €ach dimension is either O or [I/| is significantly large (in
signature-table was examined only with respect to its sethe order of thousands of items) and thedimensional space
lectivity (percentage of pruned transactions). Regardlesss sparse. Thus, the direct representation of transactions in
of the selectivity of an indexing scheme, the arrangementhe |U|-dimensional space is inefficient. We derive a more
of the examined transactions (those that are not pruned) i€0mpact representation, based on coding the transactions, with
crucial for the 1/0 overhead, since it may result in a large S'gnatures. ) -
number of pages that are fetched from secondary storage Assuming bit vectors witlf” positions ¢ << |U]), each
(page-scattering effect). Furthermore, for each query, thdtemis mapped to one of the positions by using a hash function.
signature-table has to be sorted with respect to the opti& transactionl” can be represented by such a bit vector of
mistic bounds, and its similarity to all supercoordinates!engthF by hashing all its items. This bit vector is called the
is calculated. Since the size of the signature tabis ~ Signature ofI” and is denoted a§(T’). For instancel/ =
which grows rapidly for large values df, the CPU time ~ {1,.--1000}, ' = 100 and each item € U is hashed to
can be significantly affected. Nevertheless, the query exethe H (i) = i mod F" position. Then, for a transactidh =
cution time, which is affected by both the aforementioned{128, 235, 728,987}, S(T') has the bits at positions 28, 35,
factors, was not examined in [3]. Therefore, what is re-and 87 set to 1, and all remaining bits are set to 0 (a similar
quired is an indexing scheme that achieves both high seSignature creation procedure, where each item corresponds to
lectivity and low query execution times. one bitin the signature, has been used in [15].) Therefore, for
Dynamic data: the signature-table is an index for static dataachi € 7', the bit in H (i) position of S(T') is set to 1. For
It requires the knowledge of all transactions beforehand tfonveniences, (T') denotes the bit at pth position 6f7),
calculate the support of every 2-itemset and to derive thd) < p < F —1 (thus,S,(T") can be either O or 1).
partitioning of thel domain (domain of items). However, Signatures have been used in text databases [4] and
for dynamic data, this restriction can be alleviated if the databases with set-valued attributes [18] for the partial match
partitioning found from the portion of existing data can problem, e.g., find all transactions that contain a specified set
be used also for the new transactions, i.e., after new inofitems. However, similarity search queries (Definitions 1 and
sertiong. Nevertheless, dynamic data require an efficient2) Present new requirements. For the example of the previous
representation of the transactions on disk (lists of transacParagraph, let a query transactign= {128, 329, 728, 829}.
tions for each supercoordinate), but [3] does not elaboratd hen, following the same hash function as in the example,
further on this issue that impacts on the efficiency of thebits at positions 28 and 29 are set. The number of common
method. items betweeid) and7’ is two, thusz = 2. In addition, and
Index design issues: the design of the signature-table is based differ in four items, thugy = 4. Therefore, assuming the
on a two-level indexing scheme. The supercoordinates’ (%) = =/y similarity measure5im(T, Q) = 2/4 = 0.5.
comprise the upper part and the transactions are stored gtowever, using the signature representations instg&)
the data level. However, related work on similarity searchandS(Q) have one bit set at common position (position 28),
for multi-dimensional data indicates that a branch-and-thusz = 1, and they have in total three bits set at different

bound search procedure (like the one used also in [3]) caRositions (positions 35, 87, and 29), thus= 3 . Therefore,
Sim(S(T),S(Q)) = 1/3 = 0.33. Assume, for instance, a

3 Market Basket Data usually are historic, therefore deletions argange query with similarity threshold = 0.45 or a nearest-
rare. neighbor query where the similarity from the current nearest
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T will not be omitted from the result and no false-dismissal is
presented.

transactionis 0.4. By using the signature representatfjfis),
will be rejected, althougliim (T, Q) = 0.5. Thus, T will not

be included in the result although its actual similarity fulfills ) , ) i
the query. Evidently, false-dismissals are produced. The red-6mMma 1. Given a transactiori” in the |nd,ex, and a query
son is the existence of collisions during the hashing of items_transgct.lorQ,_whe/rec =[TNQ), tr}e bound:’ of Definition 3
into signatures. For instance, items 128 and 728 a@hd( 'S optimistic, i.e.z’" > for eachS™(T'), 1 > 0.

are hashed in the same position, which contributes one match

instead of two. ] N

Consequently, existing representation methods and inProof. For the items of) andT" that are hashed at positipn
dexes that use signatures cannot address the similarity querié4sing a functiont?(-)), letz;, denote the number of those who
for basket data. Moreover, for multi-level signature indexesare common betwee@@ and7". Evidently,z = 25;01 zp. It
[24,7], each transactioh is represented at each level by the is assumed that the levels considered, where> 0. From
signature of the entry which is the sub-root of the portion of Eq. 3, we denote, = ¢, - S,(Q) - SL(T), wherec, is the
the tree th_at contair@. Assuming that leaves are at Ie_vel 0 number of items of) that are hashed at positignin S(Q)
a_nd contain the signatures generated _by the_z transactions, ﬂ@ee Definition 3). Therefore! — ZE_—Ol o
signature of a node’s entry at level> 0 is derived from the F h itiom. if S —r= Spl T — 0. th
superimposition (i.e., OR-ing of bits at each position) of all or each positiom, if 5,(Q) = Oor p(. ) = 0, then
signatures of the subtree rooted at the entry. Therefore, evenifr ~ 0, becausei).qr T{ respectlyely, contain no |terlns that
a hashing function guarantees the avoidance of collisions fof"® hashed at positign(if { > 0, this is preserved faf), (7))
the signatures at the leaf level, the signatures at the upper le@ue to superimposition). From the definitionzdf it follows
els of the multi-level index are possible to present collisionsthatz;, = z,, = 0.
at several positions, due to the superimposition. In the follow-  If S,(Q) = SL(T) = 1, thenz,, < ¢, (if more thanc,
ing, for a transactior’, S'(T') denotes the signature in the items of T are hashed ip, then only ther, items of @ can
root of the subtree at levélwhich containg” (for simplicity be common betwee@ andT’). From the definition of}, it
we denotes®(T') = S(7). follows thatz/, = ¢,, hencer!, > ,,.

To overcome the problem, we propose the following ap-  From all above cases, it follows that p it is
proach. Given a query signatufg we determmg optimistic - ZF:_()l > ZF:_ol z, = 7 > =
bounds forx andy so as not to produce false-dismissals. For P P P
the purpose of generality we consider a multi-level index (see

T, = Tp

/
p =

Sect. 3.2).

Definition 3 (Optimistic bounds). Let a query transaction
Q ={q,...,q,.}, and a vectorC of lengthF', whereC =
{e1,...,cryande, = |{gjlg; € Q, H(g;) = p}, 0 <p <
F — 1. For the signatureS!(T)) of a transactionT in the
index {( > 0), the optimistic bounds’ andy’ for z andy,
respectively, are given as follows:

F—-1

z' = Z Cp - Sp(Q) : Sll;(T) (3)
p=0
F—-1

=2 & 5(Q) SHT) ©)
p=0

We denote OptSif), SL(T)) = f(a',y').

Lemma 2. Given a transactiorf” in the index, and a query
transaction@, wherey = |T' — Q| + |Q — T'|, the bound,’ of
Definition 3 is optimistic, i.ey’ < y for eachS'(T),1 > 0.

Proof. As previously, for all items of) andT" that are hashed
at positionp, let y,, denote the number of those in which
andT differ (if i is such an item, then eitherc Q Ai ¢ T,
or,i ¢ Q Ai € T). Evidently,y = Y7~ y,. It is assumed
that the level (I > 0) is considered. From Eq. 3, we denote

Yy =cp Sp(Q) - SH(T). Thereforey’ = 30"y

For each positiop, if S,,(Q) = 0, then@ does not contain
any items hashed at In this case, ifSZI,(T) =0, thenT also
does not contain any items hashed at positigior [ > 0 this
holds due to superimposition). Therefogg, = 0. From the
definition ofy;, it follows y;, = 0, hencey,, = y,,. However,

The formal proof that the optimistic bounds of Definition 3 if S.(T') = 1, theny, > 0, because each item &t that is
do not produce false-dismissals is given in the following. Thehashed at positiop is not present irg) (Szi(T) = 1 may hold

basic intuition in this proof is the consideration (using e

vector) of all items of the query transaction that are hashed
at the same position, so as (based also on the properties

super-imposition) to have’ > x andy’ < y. For the simple
example examined earlier (whefe= {128,235, 728,987},
Q = {128,329, 728,829} and! = 0), we have that’ = 2,
because items 128 and 728 increasby two (not by one, as
in the case of the direct use 8{Q) andS(T')). Respectively,
y' = 4, because items 329 and 829 incregsilay two (not by
one, as in the case of the direct usesSg¢t)) andS(T)). The
calculated similarity is’ /y' = 2/4 = 0.5, which is equal to
the actual similarity betwee® andT". Hence, in this example,

due to superimposition, i.e., whé?ﬁ(T) = 1), and thisis why
v > 0 and noty,, > 0). From the definition ofy,, it follows
aty, = 0. Hence, from the above casg§,< y,.

If S$,(Q) = 1 and if alsoS,(T) = 1, thenQ and T
may have common items that are hashed at positidhall
items hashed at positigrare common betweep andT’, then
yp = 0. Otherwisey, > 0. From the definition of;/, in all
these caseg,, = 0. Consequentlyy,, < y,.

If S,(Q) = 1 andS,(T) = 0, the items ofQ that are
hashed at positiop are not present il’, sinceT does not
contain any item hashed at(for [ > 0 this holds due to
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superimposition). Thereforey,, = ¢, (¢, is the number of minimumweight increasgdenoted ag(N'), to accommodate
such items of@Y). From the definition ofy,, it follows that  the new entry. Let be the signature oV (resulting from the

y;) = cp, hencey;) = yp_4 superimposition ofV's contents) and’ the signature of the
From all above cases, it follows that p it is  newentry;ther(N) = v(sVs') —v(s), wherey(s) denotes
A o ; . . .
y; <y = szol y; < szol w = v <. the weight ofs, i.e., the number of set bits (equal to one) in

s. For instance, let = {1,0,1,0} ands’ = {1,1,0,0}, thus

e(N) = 1, due to the second bit that is setdhbut not ins.

After the insertion in the selected leaf node, the parent-node

Proposition 1. The optimistic bounds derived by Eqgs. 3 and Signature may need to be updated, so as to include the new one

4 do not produce false-dismissals. (for each set bitin 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 médmntains

Proof. It has to be shown thaOptSim(Q,SY(T)) > the maxim_um number of entried, then it has to be split. A

Sim(Q, T), for eachSY(T) (I > 0), whereT is a trans- N€W node is cr.eated and the contentd/adlong with the new

action in the index and) is a query transaction. It holds entry are distributed betweek and the newly created node

that OptSim(Q, S(T)) = f(a',y') (from Definition 3) (more detail; on thg split procedure are given in Sect. 4.1).
and thatSim(Q,T) = f(z,y). Sincea’ > = andy’ < y After the _spllt, the signature of the _neWIy created n_ode _(|.e.,

(from Lemma 1 and 2), it follows thaﬁ(:cT, y') > f(l',_y), the superlmppsed signature of all signatures contained in the
becausef(-, -) is increasing in terms of the first z;rgument and New node) is inserted in the parent node. Since the latter may

decreasing in terms of the second. Therefore, the require@SC contain/ entries, the split may propagate up to the root
inequality holds. node. In case the root node splits, a new root is created and

the height of the tree is increased by one.

Conclusively, the derived optimistic bounds guarantee that The performance of query processing is affected by the
all transactions which satisfy a similarity query, are included"Umber of examined index nodes, since this factor impacts on
in the result. It is worth noticing that other signature gener-Poth the I/O and CPU time overheads (the fetching of nodes
ation schemes, from the domain of information retrieval and{TOm secondary storage and the processing of their contents).
text databases, which represent each item with more than ong'€refore, in a way that is analogous to the paradigm of the

bits, cannot present the aforementioned properties so as R-tree [_13],the following optimization criterion cqn_be_stated:
guarantee no false-dismissals. The weight of each node signature should be minim{zed

the minimization of the number of set bits in each node sig-
nature). As described earlier, a signature of a nvd@vhich

is stored inN'’s parent node) acts as “bounding signature”
for the signatures stored iN and all its descendants. Thus,

S | sinale-level ind for sianature data have b the minimization ofN's weight aims at the tighter enclosure
everal single-level Indexes for signature aata have Deen proye e signatures (this is similar to the minimization of

posed [4,_18], W_hich actas fiI_ters for the partial retrieval prob-NIBR area in the R-tree, which reduces the dead space). Ev-
lem. I(\j/lulztzlive_lljﬁdeé(gstfor sgza‘gure data ha\l{e a(ljsto be(fen Ioro'dently, the weight-minimization criterion tries to reduce the
posed [24,7]. The -tree [14] is a generalized tree for seErobability that each node will be examined, since a less tight

data. One Of. the_optlons in [14] is to represent the_ contents of  josure of bounded signatures will resultin a more frequent

the nodes with signatures. The resulting scheme is equwalerp.}ode activation

to tq_?] S-gete [7]: height bal dt It bles th Clearly, the aforementioned optimization criterion pursues
d'e ) ;etﬁ |sRa; e|913 faancetz_ I(;ef' Ereiemdes fhe improved clustering of signatures with the objective of

paradigm of the R-tree [13] for spatial data. Each node Con'good query performance. This targets several types of queries,

tains a number of entries, each of them being a pair that conz g ) . ;
sists of a signature and a pointer to the child node. The rOOEUCh as subset-and superset-containmentqueries [7, 28], range

node can accommodate at least two and at mésintries, ndk-nearest-neighbor similarity queries (the algorithmic de-

h th o d tain at leasind at scription of similarity queries is given in the following sec-
whereas the remaining nodes can contain at leasind a ion). The achieved signature clustering is independent from
most M entries. Signatures at the upper levels (i.e., interna

: ; o . he query type and moreover, for similarity queries, indepen-
nodes) are formed_ with superimposition (OR—|.ng). An €Xam- yant from the used similarity measure (it has to be considered
ple of an S-tree with three index levels is depicted in Fig. 3.

: . that in the analogous paradigm of the R-tree, the clustering of
IE th|s.exam[|)IeF_: 8 (the length of thhe srl]gnﬁturefs), Whergas spatial objects isgalsopachie\ged independently from the qugery
;I?xu)nyi:rsrﬁoz?lyvv:eiééévf &223(‘ f-al:l n?)u 'Slsis Q%nl{ebrlc(trlgiws type; i.e., the.R—tree can serve as a versatile.index for seyeral
fanout; is 2 Tran’sactions are depicted at the data level types of queries Sl-JCh as the ran}ge]_earest—nelghb(_)r, spatial
The S-t}ee is an index for dynamic data Insertion.s aréom’ etc.). This is in accordance with what is deglred for the
: : : ase of transactions databases, as also stated in [3], because
performed by traversing the tree in a top-down manner an

. L . ) veral f ri r similarity m r n rv
selecting the leaf nod&’ that its signature will require the bfl tﬁeamt)éggs of queries or similarity measures can be served

3.2 Indexing method

4 It should be noticed that if, was considered, as previously,
equal to 0, then the required inequality would still hold. However, 5 Please notice that the weight increase meastiseintuitively
this would affect the tightness of the bound and the number of falserelated to similarity measures of the forfz, y), sincee considers
drops, which affect the performance of the search procedure. both the common and the different bits among the signatures. How-
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L. 1 L. w b ! Fig. 3. Example of an S-tree

The fulfilment of the weight-minimization criterion is con- Procedure DFS-NNQ, Node currNN)
sidered during the insertion procedure, where, as describelf9in
previously, the leaf selection for the accommodation of thel- foreachentrye; € Node
new entry is done with the examination of the weight increaseg™ ( CT'CUG'a:\Ifgési'mﬁg i;)asing)ptSim
e. Additionally, the criterion is also considered by the split > ciléi ) .
procedure, during the distribution of entries between the twog' forea?fhsgge]n\;ﬁz:fnd OptSIM(@Q, e:) > SIM(Q, currNNY
resulting nodes, by assigning each entty the node that will DES-k-NN(, e child, currNN)
present the largest difference in weight increase for the acs’ else{ T ’
commodation ot [7,28] (see also Sect. 4.1). In this work, as g T, = e, transaction

an initial base, we follow the approach of [28] for organizing o if SIm(Q,T;) > Sim(Q, currNN)
collections of transaction in a multi-level signature indexing 1¢. currNN = T}
scheme. Nevertheless, we examine enhancements for the spjif. }

procedure and the node storage scheme, which are presentegl 1
in Sect. 4 and aim to the further consideration of the weight-engd
minimization criterion.

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

3.3 Processing of similarity queries
) produce over-optimistic similarities which affect the breadth-
3.3.1k-Nearest-neighbor query first search procedure of [16] — see Sect. 4.2). However, the
) . . only possible pruning criterion is the one of Definition 3 (op-
The algorithm for thé-nearest-neighbor query is based on antmistic bound). Hence, pruning can be applied upwards only
index traversal. By pruning paths according to@®@Sint-,-)  (step 4). Initially, thecurrNN variable (that at the end will
measure (Definition 3), the traversal reaches the leaf nodegontain the nearest-neighbor transaction) is arbitrarily set to
The transactions indexed by the leaf node’s entries determingne of the transactions in the database (e.g., the first one) and
the actual similarity. ~ function DFS-NNis invoked for the root node. The sorting
For simplicity reasons, only the case of 1-nearest-neighbopf node entries (step 3) is done in decreasing order of the
is given (thek-nearest-neighbor algorithm merely has to keepgptimistic bound, because in such a way paths that are more
track of all thek-nearest-neighbors during the searching, in-promising to contain the result transactions are searched first
stead of only the first one). The algorithm is depicted in Fig. 4.(as a tie-breaking criterion, different similarity measures can
Itis based on the depth-first search of the index and is anale ysed:; for instance, for the x/y measure, ties can be resolved
gous to the paradigm of [23] (the paradigm of [16] may alsowith the inverse of hamming distance). The testing of the ac-
be followed; we have developed the analog of the search proy,a| similarity value with the transactions is done at the data
cedure of [16], but it did not show a significant performance eve| (steps 8-10) by retrieving the corresponding data pages
difference, mainly because the nodes close to the root Ieve(l(eca" thatSim(-, -) calculates the actual similarity between

ever, no strict relation holds between them, because the optimizatiofV0 transactions, not between their signatures).

of f(z,y) requires both the maximization @fand the minimization

of y. In contrast, the minimization af (weight-minimization crite- .

rion) may conflict with the maximization of or minimization of ~ Example. LetQ = {4,74,83,87,91} be a query transaction
y, because the ordering of the two corresponding signatures is takel@r the index depicted in the example of Fig. 3. We use the
into account in the calculation ef(see the definition of whichwas  f(x,y) = x/y similarity measure. Then (using the same hash
given above). For this reasofi(z, y) cannot be directly considered function asinthatexampley(Q) = {0,0,1,1,1,0,0, 1} and

for the weight-minimization criterion. ¢ ={0,0,1,2,1,0,0,1} (i.e, at position 3 06 (Q) two items
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Procedure Rang€), Node ) cause an I/O overhead. The reason is that a smaller number of
begin partitions results into more items within each one, thus to an
1. foreachentrye; € Node increased probability of conflict. In contrastBBuses signa-

2. calculateOptSim(Q, e:) tures derived from the data, i.e., each signature is formed from
i' foreagfh'\eli g Node and OptSin{Q, e;) > { the corresponding transaction. Thus, the signatures can have
: if Nodenot leaf much larger sizes (hundreds of bits), compared to supercoor-

5. Range@, e;.child, r) dinates.

g' else{T _ : Moreover, the clustering of signatures in the signature-

. i = e;.transaction . . . . .

8. if SIM(Q.7)) > r t(_';\ble is ac_hleved_through a variation of the smgle-lmk algo-

0. outputT; rlthm that is applied on the items (see Sect. 2.1). This clus-
10. } tering approach, however, may present the drawback of the
11. } single-linkage effect, i.e., the incorrect merging of clusters

end (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 effect may incorrectly cause the creation of par-
titions comprising long “chains” of items that have only pair-
wise correlation. In contrast,’8 takes a different approach
are hashed, whereas at positions 2, 4, and 7 one item is hashetf) the clustering of signatures, by capitalizing on the weight-
DFS-NN starts with nodet (root node), whereurrNN is minimization criterion, to achieve the activation of as few tree
initially set equal to the first transaction, i.¢7, 16,34} (the ~ nodes as possible during query execution.
similarity betweenQ and this transaction is 0). The optimal S’B uses a multi-level index, in contrast to the signature-
bound for the two entries of is calculated. The optimal bound  table, which is a single-level index. Thus’Bscan better ex-
between and{1,1,1,0,0,1,1,1} is TT — 2, whereas the ploit the branch-and-bound technique so as to increase the
) : o selectivity during query processing. Additionally, the multi-
optimal bound betwee@ and{0,0,1,1,1,1,1,0}is {7 = 7. |evel signature index does not involve the costly operation of
Thus, node” is visited first. The optimal bound betwe@rand  sorting for the entire index, as in the case of signature-table.
{0,0,1,0,1,1,1,0} is 2, whereas the optimal bound between The only required CPU cost involves the comparison of the
Q and{0,0,1,1,1,0,0,0} is %. According to this, nodé&r signatures in the index against the query one and the sorting
is visited next, and the optimal bound for both its entries isof the former according to the calculated similarity. However,
similarly calculated as 4. Finally, the transactions in data nodehis sorting is a local operation (i.e., within nodes) and is per-
K are retrieved andim(Q, {4,74,83,91}) = 4, whereas formed only for the tree nodes that are activated by the query.
Sim(Q, {4, 83,90,100}) = % Therefore,currNN is set to Finally, S’B can handle dynamic data. The multi-level
{4,74,83,91}. Since the optimal bound of all remaining node signature index is a dynamic data structure, whereas the
entries (that were examined during the DF-search) is lowesignature-table requires the knowledge of the transaction
than the similarity taurrNN, the procedure terminates, having database beforehand to derive the partitioning.
determined the nearest-neighbor transaction.

Fig. 5. The algorithm for the range query

4 Enhancements for large databases

3.3.2 Range query
In this section we present a twofold enhancement for the index

In [3] no algorithm is provided for the range query. We presentused by 8B for the organization of signature representations.
an algorithm, which, similarly to the one for the nearest- Itconsists of animproved split procedure and a paging scheme,
neighbor query, traverses the index and prunes the visitingvhich significantly reduce the query execution times in large
to subtrees according to ti@ptSimcriterion. The algorithm  transactions databases.

is depicted in Fig. 5.

4.1 Split method

3.4 Qualitative comparison . .
Q P The split method for the case of signature data can be stated

Having described the basic scheme of botB &nd signature- S follows. Given a nod@/ with M signature entries\{ is
table, herein we briefly summarize the rationale in the develhe€ maximum allowed number of entries) and a new eatry
opment of the proposed method and give a qualitative comthat has to be inserted i, the method will produce two new
parison among the two schemes. The presented issues addr&§§lesV1 andN, (|[N1| + |Nz| = M + 1) and consists of two
the earlier described motivation. steps:

The signature-table maintaiaserypossible supercoordi- A, The initial selection of two seeds, i.e., two entries among
nate independently from the data, therefore supercoordinates N U e that will be the first entries oV, and N, respec-
are not derived from the contents of the indexed dataset. Their tively.
length (i.e., signature cardinaliti() is restricted, because it B. The iterative selection of the remaining entries, which will
causes an exponential increase to the size of the signature- be inserted inV; and N-.

tablé®. This can impact on the number of false-drops and to As described in [28], the selection of a split method can

® The value ofK that is used in [3], is equal to 15. largely affect the performance of the index, in terms of query
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Procedure Split(N, €) returns the selected best pair of nodes (denoted/;asnd
begin . N3), thus the split is performed.
MinMaxWeighte— oo, N « 0, Nz « 0 It can be easily shown that the complexity of the proposed
foreach pair of entriese;, e; € N'U {e} { split algorithm isO(M*), whereM is the maximum number
gf_(]\efﬁv? < ej‘ ‘ of entries in a node. Sinc&/ is constrained to take small
" ¢) =~ {eies} values (see due to the paging scheme of Sect. 4.2), it can be

1
2
3
4.
2 Whllefi;?h{ek cR{ safely guaranteed that the overall overhead for performing the
2
8
9

- _ split is not significant.
ZE%;ZZ; _ zggg% x Zzgg _ 3@%;; It has to be mentioned that in [7,28] less costly split al-

_ 8er) = |e(N1, er) — e(Nay ex)] gorllthms have bee.n proposeq; for instance, split algonthms
10. } of !lnear or quadrath complexny, whlch use simple heuristics
11. select,, = minye, cr{d(ex)} (with linear complexity) for the instantiation of Step A of the
12. if €(N1,em) < €(Na, €m) abstract split scheme (given in the beginning of this section).
13. N1+ N1 Ven However, poor seed selection, due to the simple heuristic, can
14. else significantly impact on the split result, since nodes with large
15. No <+ Na Ve weights may occur. In addition, existing split algorithms of
16. R+ R—{en} linear and cubic complexity [7,28] perform a simple heuristic
17. } (with linear complexity) for the instantiation of Step B (i.e.,
18. w = max{y(S(N1)),7(S(N2))} assignment of the remaining entries). Similar to the previous
19. if w < MinMaxWeight{ case, a poor assignment, due to the simple heuristic, impacts
20. MinMaxWeight«— w on the split result, since nodes with large weights may oc-
21 Ni N, cur. In contrast, in the proposed algorithm, the instantiations
gg N3 < N2 of both A and B Steps use heuristics of quadratic complexity

(differently from the simple heuristics of linear complexity,

gg' Eet m NSNS which are used in existing algorithms) so as to consider in
end u Lrot2 more detail the weight-minimization criterion (described in

Sect. 3.2). For Step A, each possible pair of seeds is examined
] . . (at steps 19-22), whereas for Step B, the assignment of each
Fig. 6. The proposed split algorithm 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
execution times. The instantiations of Steps A and B in theperformed with respect to the minimization of the maximum
above abstract split scheme determine both the complexityveight (through the MinMax value that is used in the algo-
of the split method and its efficiency during query execution.rithm) between the two resulting node§he performance
A method with a larger complexity can clearly pay-off by gains due to the proposed split algorithm are examined exper-
presenting improved query processing performance. In [28]imentally in Sect. 5.3.5, in terms of query execution time.
several splitmethods are proposed, which outperform previous
ones (such as the method of [7]) for the case of inclusion
queries. Nevertheless, due to the scalability requirement im.2 pPaging scheme
the case of processing similarity queries in large databases of

basketdata, we presentanew splitalgorithm, whichis depicte@ , jmnortant limitation of existing multi-level indexes for sig-

in Fig. 6 . . . L nature data is that nodes which are close to the root level tend
Inthis splitalgorithm, every pair (step 2) of entries istested; ;) ave reduced selectivity [7]. This impacts on the query ex-

as possible seeds (for the Step A of the general split schemg, o time, especially in the case of very large databases.
described previously). The two seeds comprise the initial enype reason for the aforementioned problem is the accumula-

tries of the new nodes/; and N, (step 3). Then, from the o of 4 Jarge number of set bits (i.e., bits equal to 1) in the

set of remaining ones, denoted Agstep 4), entries are as- gjgnatyres of the upper-level nodes, due to the superimposi-

signed toj\é.l and N2h F_or each entry;]k in_R (step 6), trr:e tion of the signatures from the lower levels. Hence, in existing
corresponding weight increases of the signatures of the tWe,jeyes; the weight-minimization criterion is not effectively

nodes (denoted ag Vi, ¢,) ande(Ny, ey,), respectively) are  5cnieved at the nodes residing at levels close the root level.
calpulat.ed (steps_7-8). In addition, f@;;, the difference in To avoid this , the node size of the index should be kept
weight increase, i.e., thfe absplute difference value betweegma”, relative to the capacity of physical pages. More pre-
€(N1,ex) ande(Ny, ex), is assigned t@(ey) (step 9). The gigey et a nodeV andS(N) its signature, which is stored
entry e, of R with the Iarges.t d|ffe_rence in weight INCTease 4t N's father node. The bit at the ith position H(N) is the
d(em), is selected (step 11), is assigned to the correspondingygi¢ of the logical OR between the bits at ith positions in the
node (steps 12-15) and is removed fréhistep 16). Whenall - g a4 res of allv's entries. Therefore, the probability that
entries have been assignedfpandNy, the algorithm exam- e jih pit is set inS(IV), is proportional to the number 6f’s
ines the maximum weighty, amongy(S(V)) and~y((Nz))
(step 18). Ifw is less than the minimum such weight examined 7 Other possible heuristics have also been examined, e.g., the min-
so far (denoted aginMaxWeigh}, then nodesV, and N, are imization of the sum of the weights of the two nodes; however, this
selected as the best pair (steps 21-22). Finally, the algorithrdid not give better results.
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} Nodel : and the buffer size. Moreover, the efficiency of the proposed

3 ! enhancements, presented in Sect. 4, is measured against ex-
: isting approaches.

Innnlnnnlnnnl

| Node2 Node3 Noded | 5.1 Methodology

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

We have implemented boti¥B and signature-table (denoted
Fig. 7. Example of paging foNfr = 4 as ST henceforth) in C. A significantissue 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,
entries, which is equal to the size df. Since the logical OR- the required organization scheme presents similarities with
ing in S(IV) is done independently for each bit position, the the one for storing data records in traditional indexes (e.g.,
expected weight of (V) (i.e., the expected total number of B*-tree). Therefore, the approachmdsting-lists[8] can be
set bits inS(V)) is the sum of the above probability for every followed. With such a scheme, ST can handle dynamic data. It
bit position. Therefore, the expected weight is proportional tocan be assumed that patterns (i.e., associations between pairs
N’s size [considering that the total number of bit positions in of items) are valid for some period of time (after the inser-
S(N) is equal toF', which is a constant (Sect. 3.1)]. Hence, tion of new transactions). Hence, given a partitioning that has
the expected node weights, especially for the nodes close tbeen derived from the existing transactions, new transactions
the root level, can be reduced by keeping the node sizes smabre inserted according to their supercoordinate value, in the
However, the use of small node sizes results in a waste oévailable bucket of the corresponding posting-list. During the
space, because a whole physical page is reserved to store jusigertions, in case of bucket overflows, the sizes of new buckets
small node. For this reason, the storing of nodes has to be dorse determined according to [8]. As describetB $an handle
according to a scheme that maps the contents of several noddgnamic data without any problem. FotE the transactions
to physical pages. For this purpose, upfo (stands for node  at the data level are also organized with the scheme of [8].
factor) nodes are stored within each physical page. An example For static data, we developed an optimization for ST by
is illustrated in Fig. 7. There is a clear distinction betweenbulk-loading the transactions in disk pages. Transactions are
the logical storage scheme, which uses small nodes so as initially sorted according to their supercoordinate values and
reduce weight increase (weight-minimization criterion), andthen they are inserted in this sorted order. Thus, transactions
the physical storage scheme, where several nodes are mappectupy consecutive ST entries and completely fill disk pages (a
to the same physical page so as to reduce the space overheatisk page may contain transactions with different, but consec-
When a nodeV is split, according to the above scheme, utive, supercoordinates). Whenever a disk page is full, the next
the resulting new node is stored in the same physical pag&ransaction is inserted in a new page. This way, ST presents
that containsV. However, if this page is full, i.e., it contains reduced space overhead and improved performance during
Nfr nodes, then the new node is stored in the first page thaquery execution (as will be shown in the following). How-
can accommodate the node (the addresses of such nodes alasgr, new transactions cannot be inserted, since the insertion,
with the correspondiniyfr are kept in a listin main memory). even of few, transactions in arbitrary places requires the shift-
If no such page exists, a new physical page is created to stoii@g of all the remaining transactions, which is an operation
the node. For static data, a different mapping scheme can bgith prohibitive cost for data stored on disk. Consequently,
followed. First, the index is constructed and then the nodes arthis optimization is applied only for static data. Moreover, we
stored in physical paged{r nodes in each page) according apply a further optimization by removing all supercoordinates
to theirBreadth-Firstorder in the index. Thus, nodes that are from the signature-table that do not contain any transactions.
close are stored in the same physical page. This way, the CPU overhead is improved, since ST has to sort
Consequently, the proposed paging scheme performs a fufewer supercoordinates during query execution. (Following
ther consideration of the weight-minimization criterion and the approach of [3] for ST, we first compute the similarities of
can produce a very effective storing of the index on disk. Ex-the table entries against the query and then we sort them. We
perimental results in Sect. 5.3.5 illustrate its superiority. 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
5 Performance results static data, because the removing of supercoordinates cannot
be applied for dynamic data (new transactions may be assigned
In this section we present the experimental results on théo such supercoordinates).
performance of 3. Since the signature-table comprises the  Finally, the default page size was set to 4 K, the default sig-
state-of-the-art method for similarity searching in basket datanature size for 88 was set to 1,000 anifr to 3. The default
it is used here for comparison. We use both synthetic and readignature cardinalityK’, for ST was set to 15, as indicated
datasets to examine the performance oftimearest-neighbor in [3]. We tried several similarity measures, presented in [3].
and the range query with respect to the query size, the size dfiere, we use the similarity measufér, y) = x/y. The other
the database, the length of transaction, and the number of itenexamined measures did not show differences in relative perfor-
in the domain. In addition, we examine the impact of factorsmance between®® and ST, and are omitted for brevity. The
such as the skewness of item distribution within transactionglefault buffer size was set to 25% of the dataset size (for ST,
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the table with the supercoordinates occupies pinned memorglata is examined in the following). First, we measured the per-

space within the buffer). formance with respect tb for the k-nearest-neighbor query,
and tor for the range query. The results for the T1016D100K
dataset are depicted in the left and right parts of Fig. 8, respec-

5.2 Datasets and measures of performance tively. Both the execution time (in seconds) and the pruning
percentage is shown for each case.

In order to have better control over the impact of several data I.:ocusisn;g on thé:-neare_st-neighbor q.ueLy (upper-!eft part
characteristics, we used the synthetic data generator for bask® F'% 8),SB ?resen:cs an |m$rov?ment IT the eX?CUIIIOH time,
market data which is presented in [2] and is also used in [3]WNich ranges from a factor of 10, for smallerto 4, for larger

Moreover, we used real data that are obtained from user tracels MOreover, dSB.ach(;e.veia i’significl:afrtwtly bet:cer.pruning. E‘gr-
in a web portal. In order to follow the distribution of each C€Nntage, as depicted in the lower-left part of Fig. 8. With in-

dataset, we selected query transactions as transactions fro?ﬁfasmg“' the pruning percentage of ST reduces significantly,

the dataset. whereas for largé, S’B achieves a percentage larger than

For the synthetic data, the notation followed isigDz, ~ 90%: Analogous results were obtained for the range query
denoting that the mean sizg]|, of transaction is:, the mean ~ (UPPEr-right part of Fig. 8). The improvement in execution
size,|I|, of the potentially large itemsets g and that the M€ ranges from a factor of 9, for large to 4, for smallr.
database containstransactions. Following [3], we use cor- urning our attention to the measure of pruning percentage
relation factor (i.e., the factor of common items between suc{|OWer-right part of Fig. 8), it is noticeable that the pruning
cessive transactions during their generation) equal to 0.5. Th@f ST reduces rapidly for smaller valuesnofi.e., for larger
default values were the ones in [3]:equal to 10y equal  '2nge gueries), whereadBBattains a pruning percentage that

to 6, z equal tol100K. The number of total items was equal is constantly larger than 95%.

to 1,000. The other values (noise factor, etc.) were set to the, W& NOW move onto examine the scalability to the database
default values of the generator [2]. size, measured in numbers of transactions. We report results

The characterization of performance is given with the NIy on the nearest-neighbor quénsince results on the

query execution time (wall-clock time). Additionally, for pur- ange query were similar and are omitted. We used analo-
poses of comparison, we use as performance measure the pGRUS datasets to the one of the previous experiment, but with
rying numbers of transactions. Thus, they are denoted as

centage of pruned transactions (i.e., those not examined by t , ) h I
similarity query), since this is the only measure used in [3]. | 10/6Dx. Figure 9 depicts the results. .
As illustrated (left part of Fig. 9), B 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’Boutperforms

ST in all cases. For large database sizes, the performance im-

5.3 Results

5.3.1 Scalability

8 Since query transactions are selected from the dataset (to follow
We examined the impact of the query size and the database distribution), we use the 2-nearest-neighbor query to avoid the
size. We use static transaction databases, so as to be ablertsult of the query transaction itself. This approach is followed in the
use the developed optimizations for ST (the case of dynami¢orthcoming experiments as well.
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provement is by a factor of 7 (note that for smaller sizes, thesuming a mapping of items into consecutive integer numbers,
improvement is larger). Therefore?B is scalable to large the probability of itemi to be included within a transaction
databases. Focusing on the pruning percentage (right part @ the following (note that the first factor is the normalization
Fig. 9), we observe that for both methods it increases withconstant):

increasing database size. This is in accordance with the find- 1 1

ings of [3]. The reason is that, for larger databases, a relatively; = . N is the total number of items

. N 21— i1—-0
larger percentage of transactions can be pruned by the same Zj:l 1/§1=0 @

opUmu:n S|m_|lar_|ft_y bottlmg [?t]. Nevertheless, |ntaII case®3 S Therefore, according to the value &f we can control the
presents a significantly better pruning percentage, Compare§qyi tion of items. Fo¥ — 0, p; follows a pure Zipf dis-

to ST. tribution, whereas fof = 1, p; 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
0 and we examined the 2-nearest-neighbor query. The results
are depicted in Fig. 11.38 is not significantly affected by
farge skewness in item distribution, i.e., small value8.dfs
éexecution time (left part of Fig. 11) presents a slight increase
(Shly for very smalb values, mainly because the collisions be-

iments, but with varyingdl'; therefore, they are denoted as ; :
Tx.16.D100K. For the latter case, we used datasets denotet een frequent tems (through the used hash function) result

. .~ In a small increase in the false-drop probability. This is also
as T10.16.D100K, which are analogous to the one used in th ; : S :
first experiment, but with a varying total number of items. Theghown in the pruning percentage right part of Fig. 11),

results are depicted in Fig. 10 which presents analogous behavior. In contrast, it is worth not-
As depicted in the upper-left part of Fig. 10, the execution™9 that for ST the execution time reduces with reduéinigor

time of ST and 8B increases with increasir, However. the very small values df —which, however, are notrealistic forthe
. e Irg, ’ case of real-world exampl®but are considered here for com-
increase for ST is significantly more noticeabléBSs much

less affected by increasdd and it presents an improvement parison purposes — ST achieves lower execution times. Inthese
y P . P : extreme cases, very few items appear frequently and the others
of a factor of 8 for larger values @f. Focusing on the pruning

percentage (lower-left part of Fig. 10), as expected, it reduceappearin avery small number of transactions. Thus, due to the
with increasingT". The reduction is rapid in the case of ST, Bartmonlng of ST, the former items comprise a small number

whereas &8 achieves a prunind percentade laraer than 97(yof signatures, which, however, are activated very frequently.
in all cases P gp 9 9 0Consequently, queries tend to access the transactions indexed

The upper-riaht part of Fia. 10 debicts the execution timesby these signatures, whereas the remaining ones are activated
for var inppnum%erpof itemsg.3$3 is npot affected by an in- rarely. Because of the effective use of buffering, the improve-
creasigg gumber of items 'i'he same can be stgted for thment in the execution time follows (since the corresponding
pruning percentage of*8 (lower-right part of Fig. 10), in- Sages ofthe frequently activated signatures are accessed repet-

L ) . . itively, their buffering is effective). Nevertheless Bsclearly
?'C‘:}Sn? trhfrlt :]he s;igr:]aéurte—bbasedv\r/ﬁﬁrle?entr?nr?qrEBIlseffi-t m outperforms ST in all cases. Focusing on the pruning percent-
ective for transaction databases arge numbers otitems, e, 8B achieves a higher percentage, although ST presents

. . Al
Qn the_ other_ hand, .ST presents an increase in the executhﬂ increase (about 2.7%) in its pruning percentage with reduc-
time with an increasing number of items. For a larger number;

. ; ; . ... ing 0, since, for reducing, each query for ST concentrates
.Of items, the single-link method,_ upon Wh'Ch. the partition- on fewer transactions (as described previously).
ing is based for ST, may not retain the clustering quality (see Evidently, the performance of bott¥B and ST depends

Sect, 3.4). Although the pruning percentage of ST INCIEASER the size of the available buffering space. We examined the

sllght_ly_ (Iower-nght_ part of F_|g. 10). the_ processing of the impact of buffer size, measured as a percentage of the database
remaining transactions requires larger time, due to the POOLize. We used the T1016D100K dataset, and the results for the

distribution of the signature-table entries, as described above, o ; N
Next, we examine the impact of skewness in the distribu-ez nearest-neighbor query are depicted in Fig. 12. To clearly

tion of items within transactions. We modified the data genera- ° This is in accordance with the description of [22], where only
tor of [2] accordingly. Based on the approach in [22] and by as-values larger than 0.6 are consideredéor

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
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5.3.3 Dynamic data

We now move on to the comparison betweéB 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-
centageisindependent from the method of 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 to measure the impact on

present the impact of increasing buffer size, the relative executhe factor of I/O overhead. We used the T1016D100K datasets,
tion times are illustrated in Fig. 12 (i.e, for each buffer size, theand the first 50% of the transactions were used to derive the
ratio of execution time against the lowest one, attained¥®/ S partitioning of ST (the others were dynamically inserted). We
for the largest examined buffer size, is given). As illustrated,examined thé&-nearest-neighbor query for varyikgand the

ST loses out significantly for small and medium buffer sizes.range query for varying. The results are depicted in the left
S?B presents a large improvement between 10% and 20%, duand right parts of Fig. 13, respectively, (to clearly illustrate the
to the overhead presented by the examination (fetching fronincrease in the number of disk accesses with respect to query
secondary storage) of a large percentage of upper-level nodesze, their relative numbers are given, which are normalized to
in the case of small buffer sizes (less than 20%). For largethe minimum number of accesses in each measurement that is
sizes, as expected, both methods converge to a point, sinceadtained from the smaller query size). As shown, ST loses out
large part of the contents of the indexes can be accommodategignificantly. It presents a large performance degradation for

in the buffer.

increasingt and decreasing. This indicates that the perfor-
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5.3.4 Real data z o3
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We conclude the comparison betweéBand ST by conduct- 02 .-
ing experiments with real data. We presentthe resultsonareal o151
Web-log trace from th€larkNetportal, which has been used 01 E2 ‘ ‘
as benchmark in related work on Web log data mitfirigee 2 4 8 16

number of NN

[21] for more details). We cleansed the log (e.g., by removing
CGil scripts, stale requests, etc.) and usedMirealgorithm  Fig. 15.Results on the proposed enhancements
[6] to create the transactions. The final database contained

133,248 transactions and 2,336 items (i.e., URLS). The result€Sults for the T1016D100K dataset and for thaearest-
for the k-nearest-neighbor query are depicted in Fig. 14.  neighbor query are depicted in Fig. 15. In this figure, ‘Quad

As illustrated, both & and ST present increasing exe- d€notes the index which: a) does not use the paging scheme
cution time with respect té (left part of Fig. 14), but &8 of Sect. 4.2 (i.e., in ‘Quad’ the logical page size is identical to

clearly outperforms ST. This is in accordance with the resultd€ Physical page size); and b) uses a split algorithm of low

presented in the previous experiments. Note that the executioffiuadratic) complexity, described in [28]. In the same figure,
times for both algorithms are relatively small, due to the small F29ing’ denotes the index which: a) uses the paging scheme

transaction lengths that Web log data have (the average tran€ S€ct. 4.2 (withNfr = 3); and b) uses the same split al-

action length was less than 5). This is in accordance with th©rithm that is used by ‘Quad’. Therefore, the performance

results presented in Fig. 10, where the execution time reduced 'Paging’indicates the effectiveness of the proposed paging
with reducing transaction length. Focusing on the pruning perScheéme, compared to ‘Quad’ that does not use this scheme.
the improvement reaped due to the paging scheme

centage (right part of Fig. 14), we can observe that for botHE vidently, the -c 1
S*B and ST it reduces with increasigHowever, the reduc- 'S Significant in terms of query execution time. :

tion is more noticeable in the case of ST, arBPresents Moreover, in Fig. 15, ‘Paging-Split denotes the index

a better pruning percentage. This result is in accordance witl/Nich uses both the proposed paging scheme and the proposed

the corresponding ones presented in the previous experiment&Plit algorithm of Sect. 4.1. The comparison between ‘Paging-
Split'and ‘Paging’illustrates the improvement achieved by the

proposed split algorithm, compared to the quadratic algorithm
used in ‘Paging’. Note that the effectiveness of the proposed
paging scheme, whichis used by both 'Paging-Split'and ‘Pag-
('Brjg’, does not further allow for a large improvement by the split
orithm itself. Nevertheless, 'Paging-Split’ clearly achieves
the lowest execution times among all methods, indicating the
10 available at http://ita.ee.|bl.gov/html/traces.html efficiency of the combination of the proposed enhancements.

5.3.5 Evaluation of enhancements

We measured the performance improvements due to the pr
posed enhancements, which were presented in Sect. 4. T
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6 Conclusions 9.

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
scheme whichis independent from the similarity measure usegl,
during query execution. Both thenearest-neighbor and the
range query are examined. They suit the requirements for new

guery processing techniques, presented by emerging applicg,

tions (e.g., Web recommendation systems).

We proposed a novel scheme, nameiBSwhich 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 representatiori4.

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-15.

gorithms for the processing of nearest-neighbor and range
gueries which use the properties provided by the proposed
representation method.

We carried out experimental results for a variety of factors.16-

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>® significantly outperforms the
signature-table, an existing method for similarity searching in
market basket databases. In summa? B an efficient and
scalable scheme for large transaction databases.

Future work includes the extension of the proposed ap-g,

proach towards the development of clustering algorithms for
market basket databases.

20.
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