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Abstract

Query optimization is an integral part of relational
database management systems. One important task in
query optimization is selectivity estimation, that is, given
a queryP , we need to estimate the fraction of records in the
database that satisfyP .

Almost all previous work dealt with the estimation of nu-
meric selectivity, i.e., the query contains only numeric vari-
ables. The general problem of estimating alphanumeric se-
lectivity is much more difficult and has attracted attention
only very recently, and the focus has been on the special
case when only one column is involved.

In this paper, we consider the more general case when
there are two correlated alphanumeric columns. We de-
velop efficient algorithms to build storage structures that
can fit in a database catalog. Results from our extensive
experiments to test our algorithms, on the basis of error
analysis and space requirements, are given to guide DBMS
implementors.

1 Introduction

Query optimization, conducted by a query optimizer, is
an integral part of relational database management systems.
One important task in query optimization is selectivity es-
timation [13]. Given a predicateP specified by a query, a
query optimizer first estimates its selectivitysel(P ) (also
calledfilter factor ) which is the fraction of records in the
database that satisfyP . Based on such estimation, the opti-
mizer will choose how to execute the query in an economi-
cal way [9]. The performance of a query optimizer, and thus
the whole query processing, depends essentially on how ac-
curate the selectivity estimation is [6, 9].

A lot of work has been done on selectivity estimation
[6, 11]. Almost all previous work dealt with the estimation
of numeric selectivity, i.e., the predicateP contains only nu-
merical variables. The more general problem of estimating
alphanumeric selectivity has attracted attention only very
recently, due to the work of Krishnan, Vitter and Iyer [4, 5].

Since alphanumeric data are quite different from nu-
meric data, many known techniques for estimating numeric
selectivity are no longer suitable for the more general case.
In [4, 5], Krishnan, Vitter and Iyer proposed to use suffix
trees to estimate alphanumeric selectivity for the case when
only one individual column is involved (we call thisone-
column estimation).

In practice, a query usually involves many columns. A
survey of DB2 (relational database system from IBM) found
93 SQL SELECT queries on single table used an average
of 4 predicates [12]. Without the outlier queries that have
over 5 predicates, the average was 1.83 predicate per table.
Therefore, it is necessary to develop techniques for estimat-
ing selectivity when more than one columns is involved (we
call thismulti-column estimation). Accurate two predicate
selectivity estimation is beneficial and is addressed in this
paper.

Multi-column estimation can be done very efficiently if
the queries contain only numeric data. For example, the
problem may be solved by the generalized Equi-Depth His-
togram (EDH) method [10, 14]. In general, we can use any
of the various multi-dimensional data structures [3, 8] to
solve the multi-column estimation problem if only numeric
data are involved. But those methods and data structures
cannot be used to deal with alphanumeric data because no
good “order” property can be used in the later case. That
is, alphanumeric data are truly “discrete” data whereas nu-
meric data are continuous.

Selectivity estimation usually involves two phases: an
off-line phase and an on-line phase. In the off-line phase,
usually referred to asRUNSTATS, information about a
(large) table is collected into a catalog (actually a persis-
tent data structure) of reasonable size. In the on-line phase,
the catalog is consulted to estimate selectivity for any given
query against the database. The practical problem is to store
vast information in little space, and address all cases. Be-
cause this is impractical, only a partial solution is possible.
Information loss is accepted and so are heuristic solutions.

In this paper we generalize the work of [4, 5]. We con-
sider the problem of selectivity estimation for the case when
two alphanumeric columns are involved. As in [4, 5], we



use suffix tree as our basic data structure. We introduce
a dynamic graph construction problemto characterize the
possible complex correlation between the two columns. We
develop efficient algorithms to collect statistics about the
two columns and their correlation and store it in a dynami-
cally constructed graph of reasonable size that we propose
be stored in the database catalog. The graph would be
used for selectivity estimation according to various heuris-
tic strategies. We have conducted experiment to validate our
algorithms.

This paper is organized as follows. In Section 2, we de-
scribe the problem of selectivity estimation and review pre-
vious work. In Section 3, we introduce the dynamic graph
construction problem and formulate the major part of our
selectivity estimation problem accordingly. Section 4 is a
general description of our method. In Section 5, we describe
the off-line phase, i.e., the construction of a small version
of a huge graph. In Section 6, we discuss many strategies
which will be used to do actual estimation. In Section 7,
we propose a method to build a different kind of catalog.
We formulate the problem as a least square calculation and
show that it can be solved very efficiently. In Section 8, we
report our experimental results. Finally, in Section 9, we
suggest some problems for future research.

2 The Problem and Previous Work

2.1 The Problem

Suppose we have a relational database which has a ta-
blePART . A record (a row) inPART stores information
about a particular part. A part has many characteristics,
e.g., it may have a color and a shape. Each characteristic
is represented by an attribute ofPART . SupposePART
has attributes COLOR and SHAPE. If we want to find out
all parts which have color GREEN and shape CIRCLE, we
may use the standard SQL predicate LIKE to issue the fol-
lowing query:

COLOR LIKE GREEN AND SHAPE LIKE CIRCLE

If we want to find out all parts whose colors are green-like
and whose shapes are circle-like, we may use the following
query:

COLOR LIKE �GREEN� AND SHAPE LIKE �CIRCLE�

where “�” represents the wildcard, i.e.,� represents any
(empty or nonempty) character string.

For a given query, the optimizer will first estimate how
many rows in the database satisfy the predicate specified
by the query. We can state this problem more formally as
follows.

Let F be anM by N table, i.e.,F is a relation with
M rows andN columns. Each row represents one tuple of

a table, and each column represents one field of a specific
type. For example, a column might be of numeric type,
which indicates that all data in this column must have a nu-
meric value. In this paper, we are mainly interested in data
of alphanumeric type and we assume that all columns are
of alphanumeric type. We useF (i; �), F (�; j) andF (i; j)
to denote theith row, jth column, and(i; j) element ofF ,
respectively. Note that any elementF (i; j) is a character
string.

Suppose we are given a queryP , which is a set of pat-
terns,

P = f(i1; pi1); (i2; pi2); : : : ; (ik; pik)g;

where eachij (1 � ij � N ) indicates one column and each
pij is a pattern string. We defineF (P ) as the set of rows
which contain all the given patterns in the corresponding
columns, i.e.,

F (P ) = fF (i; �)jF (i; ij) containspij as a substring,1 � j � kg:

Then the selectivitys(P ) is defined as

s(P ) =
jF (P )j

M
:

Our goal is to estimates(P ) for any given queryP , i.e.,
we want to estimate the number of rows which contain the
given patterns.

In this paper, we only study the special case whenN =
2, i.e., we only consider two columns.

2.2 Suffix Tree: The Krishnan-Vitter-Iyer Method

Krishnan, Vitter and Iyer have developed a method
(henceforth referred to as the KVI method) to estimate
alphanumeric selectivity for the one-column case. Their
method is based on the key data structure of suffix tree. In
the following, we briefly describe their method (for more
details, see [4, 5].)

First, let’s briefly review suffix trees. Lets be a string of
lengthl. We will usesi to denote the suffix ofs starting at
positioni, 0 � i � l � 1 (we count the positions starting
from position0 on).

A suffix treeT for s is a rooted tree which has the fol-
lowing properties:

1. Every edge(u; v) has an associated substring ofs as
its label. Sometimes we consider that string as one
associated with the child nodev.

2. For any nodev, the first symbols of the substrings
associated withv’s children are all different.

3. For any nodev, let path(v) be the path from the root
to v. The string represented byv, denoted byp(v),

2



is the concatenation of the strings associated with the
edges along the pathpath(v). We also sayp(v) cor-
responds to nodev, andv is thelocus of p(v). Any
suffix is represented by a unique leaf node.

4. Since any substring ofs is the prefix of some suffix,
for any substring� of s, we can find a unique nodev
such that� is the prefix ofp(v), and� is not a prefix
of the parent ofv. We callv the extended locus of
�, and denote it byv(�).

For a suffix treeT and a strings, if we can find a path
from the root to a nodev whose corresponding string con-
tainss as a prefix, i.e., we can find an extended locus ofs,
then we say we can matchs in T successfully.

The above definition can be generalized to a set of strings
in the obvious way. Moreover, for a set of stringsS, when
constructing its suffix treeT , for eachnodev which rep-
resents a substringp(v), we can assign a countc(v) to v

which is the number of strings inS that containp(v) as a
substring.

For more details about suffix trees and their generaliza-
tion, see [1, 7].

Now let us turn to the KVI method. There are two
phases. In anoff-line phase (e.g., load, reorganization),
a suffix treeT for F is built. Each node ofT corresponds
to some substring that occurs in some row inF , and vice
versa. For a substringx, we denote its corresponding node
in T by v(x). The number of rows inF which containx as
a substring is denoted byc(x) which is called thetrue count
of x.

WhenT is constructed, pruning is done. For a given
prune countp, if c(x) is smaller thanp, we informally call
x a light substring, andv(x) a light node. All light nodes
will be pruned off. The remaining tree is the so-calledcata-
log (strictly speaking, the data structure to be stored in the
catalog) which is the output of the off-line phase. (We still
useT to denote this final tree.)

In theon-line phase(e.g., query optimization), when a
predicate “LIKE�p�” is given, by running the KVI method
against it, an estimated selectivity for the pattern�p� is
obtained, that is, an estimation on the number of all rows
which containp as a substring is obtained.

SinceT must be limited in its size, many “infrequent”
substrings have to be pruned out. Thus it would happen
quite often that a given pattern cannot be matched by any
node inT . This mismatch does not necessarily imply that
that pattern never occurs inF , and we still need to estimate
the selectivity of these “unlikely” substrings. In the KVI
method, severalmatching strategieshave been suggested
to deal with these mismatches.

The main advantage for using suffix trees is that it allows
very efficient storage of all substrings. Actually the space
complexity is linear in the total length of the represented

strings. But still, we cannot store the whole suffix tree since
the database catalog size is rather limited.

3 Problem Formulation

In this section, we introduce a problem calledDynamic
Graph Construction. We then formulate the off-line phase
of our two-column estimation problem as a dynamic graph
construction problem where the target is a bipartite graph.

3.1 Dynamic Graph Construction

A (directed/undirected) graphG is a pair(V;E), where
V is a finite set of vertices andE is a finite set of (di-
rected/undirected) edges. Abipartite graph is an undi-
rected graph in whichV can be partitioned into two setsV1
andV2 such that any edge has its one end vertex inV1 and
the other end vertex inV2. A weighted graphis a graph for
which each edge has an associatedweight given by aweight
function w : E ! N , whereN is the set of weights. In
this paper we only consider non-negative integer weights,
i.e., N is the set of non-negative integers. Also, we may
assign a weight to each vertex and we still call the graph
a weighted graph. For a weighted graph, letcV andcE be
two given threshold values. Any vertex with weight� cV
is called aheavy vertexand any edge with weight� cE is
called aheavy edge. Others are calledlight verticesor light
edges. The two valuescV andcE are calledvertex thresh-
old andedge thresholdrespectively. For a graphG and the
given threshold valuescV andcE , we delete all edges which
are not heavy. We also delete all vertices which are neither
heavy nor incident to any heavy edge. The resulted graph
is called theheavy subgraph with respect to the specified
threshold values. For precise graph theoretic terminology,
we refer to [2].

Let us consider three operations on a graph: insert/delete
a vertexv, insert/delete an edgee, and change the weight
of a vertex or an edge. When deleting a vertexv, all edges
incident tov will also be deleted.

Suppose there is a weighted undirected graphG =
(V;E;w) which has a discrete time parametert, i.e., at any
timet, there is a graphGt = (Vt; Et; wt). At time0, there is
an initial graphG0 which is usually empty. Suppose at time
t, we are givenGt�1 and a set of operationsOt. ThenGt is
defined as the graph obtained by applying all operations in
Ot (possibly in some specified order) toGt�1.

Now we define theDynamic Graph Construction
Problem (DGCP for short). LetcV ; cE 2 N be given
threshold values. LetG0 be a given initial graph. LetfOtg
be an on-line sequence of operation sets. At timet, only
fOiji � tg are known. Letn 2 N . The goal is to construct
the heavy subgraph ofGn with respect tocV andcE .
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The seemingly most natural method to solve DGCP is
deleting all light edges and/or light vertices after the whole
Gn has been constructed. As we will see, this is not prefer-
able and even impossible for very large database applica-
tions becauseGn will become huge and we simply don’t
have enough space to storeGn. Instead, we will keep prun-
ing off light edges and/or light vertices during the construc-
tion process. Consequently, the resulted subgraph will be
an approximation to the true solution.

For our problem, we have a table with two columns. We
will construct two suffix trees, one for each column. At
the same time, we maintain all relations between the two
columns by creating links between the two suffix trees.

We are now ready to describe our problem more for-
mally.

3.2 The Problem: Revisited

LetF be anM � 2 table as in Subsection 2.1. LetSj =
fF (i; j)j1 � i � Mg be the set of strings contained in
columnj, j 2 f1; 2g. For any0 � k � M , let Tk;1 be the
suffix tree formed from the strings contained in column 1 of
the firstk rows; similarly, letTk;2 be the suffix tree formed
from the strings contained in column 2 of the firstk rows.

DefineV (k; j) to be the set of nodes in treeTk;j, j =
1; 2. Define weighted graphGk = (Vk; Ek; wk), where
Vk = V (k; 1) [ V (k; 2); (u; v) 2 Ek if and only if
u 2 V (k; 1), v 2 V (k; 2), and for some rowi � k,
F (i; 1) containsp(u) andF (i; 2) containsp(v); wk(u; v)
is the number of such rows. For any nodev corresponding
to a stringx,wk(v) is the number of rows within the firstk
rows which containx as a substring.

LetG0 be the empty graph. LetcV andcE be two thresh-
old values (to be determined later). The goal of the off-line
phase is to construct the heavy subgraph ofGM (with re-
spect tocV andcE).

Note that eachnodev in the suffix trees has its own node
weight c(v) which is obtained in the usual way, i.e., each
suffix tree is constructed based on one column and the node
counts are obtained consequently. The tree edges ineach
suffix tree are not considered as graph edges, although we
will need to use them to trace tree paths.

GraphGM is usually huge. For example, if we have
a table of200K rows and two columns, each column has
aboutl characters, then each suffix tree is of sizeO(Ml)
andGM may containO(M2l2) edges. Supposeeach tree
has300K–450K nodes, then there will be about9� 1010–
20� 1010 edges which cannot be handled easily.

4 Method: A General Description

As mentioned earlier, there are two phases: an off-line
phase and an on-line phase. The goal of the off-line phase is

to construct a catalog of reasonable size which will be used
in the on-line phase to do the actual selectivity estimation.

As in [4, 5], we use suffix trees as our basic data struc-
tures. In the off-line phase, we first construct two (large)
suffix trees, one for each column. The correlation between
those two columns will be represented by weighted edges
between the two trees. Then we prune the trees to reduce
their size significantly and obtain two much smaller trees.
The correlation information of the two trees is stored in a
matrix of reasonable size. The two small trees and the asso-
ciated matrix constitute the catalog.

As mentioned before, the simplest method (method I) is
to construct the whole graphGM during one scan of the
table. We already know that this method is not practical
due to storage limitation. Note that for the off-line phase,
a large amount of storage is available, e.g., we can easily
store the two separate suffix trees. The problem is that we
cannot afford to store the relation between those two trees
since the storage size then is the product of the sizes of the
two individual suffix trees.

We may use the following two-pass alternative (method
II). We scan the database twice. During the first scan, we
construct two suffix treesT1 andT2 independently, where
Ti is for columni, i = 1; 2. When the scan is finished, each
node in the trees has a node weight. Based on some thresh-
old value, we prune the two trees and obtain two smaller
trees (we still call themT1 andT2 respectively). During the
second scan, we establish the desired relationship. Specif-
ically, for any row, if substringx occurs in column 1, sub-
stringy occurs in column 2, and bothx andy have corre-
sponding nodesv(x) and v(y) in T1 andT2 respectively,
then we build a weighted edge between the two nodes. If
that edge already exists, we simply modify its weight.

Method II simulates method I very well as far as the final
result (the heavy subgraph ofGM) is concerned. This is
because the endnodes of a heavy edge are likely to be heavy
too. Method II scans the table twice, undesirable in many
applications.

Our method can somewhat be thought of as a one-pass
implementation of method II. We will build approximations
to the final heavy subgraph. We partition the whole database
into sections and bring in each section only once. Once we
have one section available, we can do some preprocessing
and obtain all necessary information. Those information is
then used to update the current approximate solution.

More specifically, during the scan, we maintain two suf-
fix trees of reasonable size, together with a matrix which
represents the current relationship between the two trees.
The two suffix trees and the matrix constitute an approxi-
mate solution. They are updated periodically, i.e., they are
updated once every section is brought in and preprocessed.

Note that our method can be used to solve the general
DGCP problem. That is, we build the dynamic graph by pe-
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riodically pruning out light vertices/edges. The method will
work well if the node weight and edge weight are correlated
“smoothly”, i.e., the end vertices of heavy edges are likely
to be heavy.

In the on-line phase, we use the output of the off-line
phase to do selectivity estimation. Since the catalog is very
small, not all information about the graphGM is recorded
accurately and we must use some heuristic strategies to do
the estimation. We mainly adapt the various strategies of
[4, 5] and generalize them to the two-column case.

5 Off-line Phase

In this section we describe the details of the off-line
phase. Note that the input to the off-line phase is anM by 2
tableF , whereM is very large. Supposeli is the maximum
length of any string occured in columni.

We maintain five data structures during the off-line
phase: two suffix treesT1 andT2, each of sizem; anm�m
matrixR; and two arrays of pointersL1 andL2. Herem is
a parameter determined by the storage available. (In our
experiments, we choosem = 1000.)

We choose another parameternwhich is also determined
by the storage available. (In our experiments, we choose
n = 1000). We bring in and preprocess data inF section
by section, with each section containingn rows. At any
time, the sections already brought in and preprocessed form
a view of F .

Each nodev in T1 (T2) has a (node) countc(v) which
is the number of rows in the current view ofF that contain
p(v) as a substring in the first (second) column. Each matrix
entryR(u; v) is an approximation to the number of rows
in the current view ofF that containsp(u) in column 1
andp(v) in column 2. We callR(u; v) thecommon count
betweenp(u) and p(v). Note that node counts are node
weights and common counts are edge weights.

When we scan a section, we construct two arraysL1 and
L2, both of sizen, where eachL1(i) is again an array of size
hi = li(li + 1)=2. Note thathi is an upper bound on the
number of substrings which could occur in columni of any
individual row. L1(i) (1 � i � n) records pointers to all
suffix tree nodes inT1 which correspond to some substring
in column 1 of rowi of the current section.L2 is defined
similarly for column 2.

Suppose we already have the current versions of
T1; T2; R; L1 andL2. In scanning the next section, for each
row i, we insert all suffixes of columnj (j = 1; 2) into
treeTj , and record the corresponding pointers intoLj(i).
When the scan of this section is completed, both suffix trees
grow (significantly) with the node weights updated. Now
we prune out all light nodes and keep only the heaviestm

nodes ineach tree. Note that this pruning might cut off some
old nodes and add some new nodes. Relabeling is done to

make sure that all nodes receive a valid numbering between
1 andm. The goal is to maintain two suffix treesT1 and
T2 so thatTi (i = 1; 2) contains the heaviestm nodes with
respect to columni of the current view ofF .

Next, we update the matrixR according to the two
pointer arraysL1; L2 and the updated suffix trees. Specifi-
cally, for all 1 � i � m, for any pointersp1 2 L1(i) and
p2 2 L2(i), if p1 points to an old nodeu in T1 andp2 points
to an old nodev in T2, we increaseR(u; v) by1; if p1 points
to a new nodeu in T1 and/orp2 points to a new nodev in
T2, we delete the old entriesR(u; �) (and/orR(�; v)) and
insert the new entries. When finished with alln rows, we
will have a new matrixR which records the correlation be-
tween nodes in the updated suffix trees. We clear the two
arraysL1; L2 and proceed to the next section.

After the scan is finished, we obtain two suffix treesT1
andT2 of sizem and anm � m correlation matrixR. We
further prune these trees and reduce the size ofR. Specifi-
cally, we prune off all light edges and light nodesaccording
to some threshold valuecE and only maintain their corre-
sponding entries inR. In our implementation, the value
cE is chosen in such a way that after the pruning, there are
� 100 nodes remaining in either suffix tree (note that if all
incident edges of a node have been pruned off, the node will
also be pruned off).

In our implementation we have modified the above
method a little. In pruning the two trees, we only delete
a node if all its adjacent edges are light.

Finally, we obtain the following: two suffix treesT1; T2
of sizest1 andt2 respectively, and at1�t2 matrixR, where
t1; t2 � 100. For simplicity, we assumet1 = t2 = 100.
T1; T2 andR constitute the output of the off-line phase.

The final catalog has a very interesting and useful prop-
erty due to the special implementation of pruning, that is, if
substringx has a corresponding nodeu in T1 and substring
y has a corresponding nodev in T2, then the matrix en-
try R(u; v) gives a good estimationR(u; v)=M for s(x; y).
Note that if we prune off all light edges, it is possible that
x; y have corresponding nodesu; v in the trees but the entry
R(u; v) does not reflect the common count betweenx and
y.

Also note that to further reduce the size of the catalog
(which is of course desirable in any circumstance), we can
use adjacent lists to represent the matrixR. In our experi-
ments, however,R is very dense. Moreover, matrix repre-
sentation allows faster search. So we include matrixR as
part of the catalog.

6 On-line Phase

In the on-line phase, a queryP = (p1; p2) is given. We
need to estimate the selectivitys(P ) based on the informa-
tion contained in the catalog which consists of two small

5



suffix treesT1; T2 and a matrixR. Note that this catalog
is an approximation to the heavy subgraph of the weighted
graphGM .

We will use the following general strategy. First, we
search the two patternsp1 andp2 in T1 andT2 respectively,
trying to match them with some nodes in the trees. If we
can find two matching nodes, say nodeu (for p1) and node
v (for p2), we returnR(u; v)=M as an estimation tos(P ).

In most cases we cannot find exact matches for the two
given patterns. In those cases we will use somemismatch
strategy to estimates(P ).

In [4, 5] many mismatch strategies have been developed
for the one-column problem. Our main job here is to adapt
those strategies to cope with two columns.

As in [4, 5], there are two classes of mismatch strategies,
most of them are based on agreedy parsingof the given
query patterns.

In the next subsections, we describe various mismatch
strategies in details. But first let us describe greedy parsing.

Let T be a suffix tree and� be a string. We searchT ,
starting from the root, and try to find the longest prefix of�

which matches the substring represented by a node inT . Let
this prefix be�(0). Next we start from the root again, try to
search for the longest match with a prefix of the remaining
substring, and so on. If at some time we cannot even find
one match right from the root, we take the first character of
the remaining string as a search result.

The parsing results is a partition of�, � =
�(0)�(1) � � ��(m), wherej�(i)j > 0 for all 0 � i � m,
and each�(i) is either the maximal match of�j in T

(j = j�(0)j+ � � �+ j�(i � 1)j), or else the single character
at positionj of � if no non-null prefix of�j successfully
matches inT .

For a given queryP = (�; �), we will usee(X;P ) to
denote the estimate ofs(P ) using mismatch strategyX.
WhenX is known from the context, we omitX from our
notation.

6.1 Independence-based Strategies

In using independence-based strategies, we parse the
given patterns into many sub-patterns which can be matched
in the two suffix trees. We then assume independence
among all sub-patterns and give our overall estimation
based on the selectivity of those independent matchable
sub-patterns.

There are seven independence-based strategies. We de-
note them byIi; 1 � i � 7.

Strategy I1: Let � and� be greedily parsed as follows:

� = �(0) � � ��(m); � = �(0) � � ��(n) (1)

Thene(P ) is defined as

e(P ) =
mY
i=0

nY
j=0

e(�(i); �(j));

wheree(�(i); �(j)) is an appropriate matrix entry in
R divided byM (the number of rows in the database).
Here we assume that if one of�(i) and�(j) does
not have an exact match in its corresponding tree,
i.e., there is not a corresponding entry inR, we let
e(�(i); �(j)) = 0.

Basically, this strategy assume independence among
different subpatterns.

Strategy I2: This is the same asI1 except that if
e(I1;P ) = 0, we sete(I2; P ) = cE=M wherecE is
the edge threshold value (also calledcommon prune
count). That is, we assign the common prune count
to all “unlikely” patterns.

Strategy I3: This is similar toI1, but we modify the esti-
mation ofe(�(i); �(j)): if one of�(i) and�(j) does
not have an exact match in its corresponding tree, we
sete(�(i); �(j)) = cE .

Strategy I4: Supposej�j = l1, j�j = l2. LetL1 = l1(l1 +
1)=2, L2 = l2(l2 + 1)=2. Consider all suffixes�i of
� and all suffixes�j of �, where1 � i � l1; 1 � j �
l2. We definee(I4;P ) as

e(I4;P ) =
l1�1X
i=0

l2�1X
j=0

wije(I1;�i; �j);

wherewij is a weight. In our implementation, we
choosewij = w1iw2j wherew1i = (l1 � i)=L1 and
w2j = (l2 � j)=L2.

The rationale behind this strategy is that we expect
the average selectivity of all suffixes would give a
good estimation on the selectivity of the string itself.

Strategy I5: In I4, replaceI1 by I2.

Strategy I6: In I4, we replace the two weight functions
w1; w2 by

w1i = 2l1�i=L1; w2j = 2l2�j=L2;

and we also changeL1 andL2 correspondingly, i.e.,

L1 = 21+� � �+2l1 = 2l1+1�2; L2 = 21+� � �+2l2 = 2l2+1�2:

Strategy I7: In I6, replaceI1 by I2.
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6.2 Child Estimation-based Strategies

This class of strategies are based on estimations on the
children patterns of the given patterns.

Suppose we are given two strings, says andt. Let the
first segments of the greedy parsings ofs andt bes(0) and
t(0), respectively. Let the corresponding node ofs(0) in
T1 beu, and let the corresponding node oft(0) in T2 bev.
Supposev has childrenv1; : : : ; vk. We define a quantity�
as follows:

� = R(u; v)�
kX
i=1

R(u; vi):

We further define an “uncounted” countuc(s; t) of s with
respect tot. If eithers or t is animpossible pattern, we de-
fine uc(s; t) = �1. Here by impossible pattern we mean
a pattern which cannot occur in a suffix tree before it is
pruned. Otherwise we define

uc(s; t) =

�
� if � > 0
cE if � < 0

We then estimate the number of pruned children ofv as

nc(s; t) =

�
�1 if uc(s; t) < 0
duc(s; t)=cEe otherwise

Finally we have the following estimation ons with respect
to t:

es(s; t) =

�
0 if uc(s; t) < 0
uc(s;t)

cE�M
otherwise

Now we are ready to describe all the child estimation-
based strategies. There are four of them.

StrategyCE1: We consider all the suffixes of the two
given patterns� and�. We estimates(P ) according
to the following formula:

e(P ) = min
0�i<l1

min
0�j<l2

es(�i; �j):

This strategy is based on the fact that if two strings
occur in the same row, any suffix of the first string
and any suffix of the second string must occur in that
row as well.

StrategyCE2: Consider the greedy parsings (1) of� and
�. We then have

e(P ) =
mY
i=0

nY
j=0

es(�(i); �(j))

e(�(i); �(j))

That is, we consider the children of all subpatterns as
independent of each other.

StrategyCE3: This is similar toCE1. We still define

e(P ) = min
0�i<l1

min
0�j<l2

es0(�i; �j);

but we changees as follows:

es0((�i; �j)) =

�
e(�i; �j) if there is an exact match
es(�i; �j) otherwise

StrategyCE4: Consider the greedy parsing (1). We use
the following formula (derived from Bayes rule) to
estimates(P ):

e(P ) = e(�(0); �(0))
m�1Y
i=0

n�1Y
j=0

es(�(i); �(j))

e(�(i); �(j))

7 Depth-based Estimation

7.1 The Basic Method

Recall that all the previous discussions are based on a
catalog consisting of two suffix treesT1, T2, both of size
100, and a100� 100 matrixR. In turn, these are obtained
from two larger suffix trees of sizem (m = 1000 in our im-
plementation) and a matrix of orderm. Now we begin from
there and produce another catalog which is much smaller
than the current catalog.

Suppose treeT1 has depthd1 and treeT2 has depthd2.
For any0 � i � d1; 0 � j � d2, we consider the average
weight of all edges which link a node of depthi in T1 to a
node of depthj in T2. This average weight can be obtained
easily from them by m matrixR. We store it as the(i; j)
entry of a(d1+1)� (d2+1) matrixD. MatrixD is called
thedepth statistics table, or DST.

Then we prune the two trees as before, obtaining two
small suffix trees of size100. Note that we don’t need node
weights anymore. Instead, we only need to maintain the
structures of those trees. We still call themT1 andT2.

As a result, we obtain a new catalog which consists of
T1, T2, and the DST tableD. The size ofD depends on the
depths of the original large suffix trees, and is usually small.
For example, in our experiments,d1 = d2 = 7, and we only
need to maintain a matrix of order7.

In the on-line phase, for any given patternsP = (�; �),
we first do a greedy parsing and obtain

� = �(1) � � ��(m); � = �(1) � � ��(n):

Then we search for those sub-patterns in the corresponding
trees and find out their depths. We used(T; x) to denote the
depth of the node corresponding to stringx in treeT . If x
does not have a corresponding node inT , we consider it as
corresponding to a pruned node at depth1 and setd(T; x) =
1.
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Now we define the depth of� as a weighted average of
the depths of its sub-patterns,

d(�) =
mX
i=1

wi � d(T1; �(i)): (2)

Similarly, we define the depth of� as

d(�) =
nX
j=1

wj � d(T2; �(j)): (3)

In the above formulas,wi’s are weights to be determined
later.

Once we have determinedd(�) andd(�), we look into
the DST tableD and returnD(d(�); d(�)) as our estima-
tion e(P ). Sinced(�) andd(�) may not be integers, we
need to adjust them. Keeping this in mind, we arrive at the
following formula:

e(�; �) =
D(bd(�)c; bd(�)c) + _d(�)� _d(�) � _D(�; �)

M

where: _d(�) = d(�)� bd(�)c, _d(�) = d(�)�bd(�)c, and
_D(�; �) = D(dd(�)e; dd(�)e) �D(bd(�)c; bd(�)c).

Depending on the choice of the weights, we have three
different depth estimation-based strategies.

StrategyDE1: Choosewi = 1=i.

StrategyDE2: Choosewi = 1=(2i� 1).

StrategyDE3: Choosewi = 1=2i.

In our experiments, we found thatDE1 andDE2 are better
thanDE3. An interesting observation is that the accuracy
of the estimation is very sensitive to the choice of weight
functions. This suggests that we should try to find some
good weight functions.

In the next subsection, we formulate the problem of find-
ing a weight function as a least square problem and we then
show that the latter problem can be solved by collecting nec-
essary information in the off-line phase.

7.2 A Least Square Problem

For simplicity, we discuss the case when the database
tableF has only one column. Supposeeach row contains a
string of length at mostl. Therefore, any substring� in the
database can be greedily parsed into at mostl sub-patterns
against any suffix tree.

Suppose in the off-line phase, we have constructed the
whole suffix treeT0 for this single column. Then any sub-
strings occuring inF has a depth inT0, and we denote this
depth byd0(s). We can enumerate all substrings contained
in F in any particular order. Suppose there are a total of
L substrings in the enumeration, then the depth of theith

substringsi in T0 is denoted byyi, 1 � i � L. Note that
L �Ml(l + 1)=2.

Suppose we pruneT0 and obtain a much smaller treeT
(of size100). Suppose the depth ofT isd. For any substring
si, we can use greedy parsing onsi againstT and obtain

si = si(0) � � � si(n);

wheren � l�1. This parsing will give the following equa-
tion (according to (2) and (3)):

d(T0; si) =
nX
j=0

wjd(T; si(j));

where0 � d(T; si(j)) � d. We can rewrite it as

yi =
n�1X
j=0

wjxij; 1 � t � L (4)

where we usexij to denote the depth of thejth sub-pattern
of si in the small treeT .

Since we can construct bothT0 andT easily during the
off-line phase, we can consider allyi’s andxij ’s as known
numbers. We need to solve equation (4) for the to-be-
determined weightsw0; w1; : : : ; wl�1.

Let Y = (y1; : : : ; yL)T 2 RL�1, X = (xij) 2 RL�l,
andw = (w0; : : : ; wl�1)T 2 Rl�1. Then we can rewrite
equation (4) as

Y = Xw (5)

Our goal is to solve equation (5).
Equation 5 is very unlikely to be solvable. Actually we

don’t need to solve it at all. We only need to solve the fol-
lowing Least Square problem:

min
LX
i=1

(yi �
l�1X
j=0

xijwj)
2 (6)

In other words, we only need to “solve” equation 5 for an
approximate solution.

Left multiplyingXT on both sides of 5, we obtain

XTXw = XTY:

DenoteB = XTX 2 Rl�l , Z = XTY 2 Rl�1. Note that
B andZ are very small matrices now. So we only need to
solve the following small system of equations:

Bw = Z: (7)

The problem is how to obtainB andZ. By examing the
definition ofB andZ, we immediately see that each entry
in bothB andZ can easily be accumulated during a sec-
ond scanning of the whole database tableF once we have
constructedT0 andT .
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It is important to notice that the two-pass scanning is
needed mainly for determining the weightw. We can con-
duct several experiments on different database tables (each
needs to be scanned twice) and try to find a good choice for
the weight functionw. Once we have such a good weight
functionw available, we can use it in other applications
if we want to use a depth-based estimation method, in the
hope thatw is a good approximation to the true weight func-
tions of current applications.

We point out the fact that in the experiment, the depth-
based estimation method performs no better than other
methods and strategies, even though we use a weight func-
tion obtained from solving a least square problem as above.
This is because the method itself has inherent limitations.

8 Experiments

We conduct two groups of experiments. In group one,
we test our method using artificial data. In group two, we
test our method against real customer data.

8.1 Experiments using artificial data

We conduct our experimentsaccording to the following
guideline:

Data Generation: Generate large database tables with two
alphanumeric columns. Generate query patterns in-
volving the two columns.

Off-line Construction: Use the methods of Section 5 and
Section 7 to build catalogs of reasonable size.

On-line Estimation: Use all the mismatch strategies of
Section 6 and Section 7 to estimate the selectivity of
query patterns.

Error Analysis: Compare the estimated selectivity with
the exact selectivity.

8.1.1 Data Generation

Since no similar studies have been done before, no existing
benchmark is available for our experiment. We must gener-
ate our own experimental data. According to the nature of
the problem, we need a database table which contains two
correlated columns of alphanumeric type.

There is an emerging industry standard Transaction Pro-
cessing Council (TPC) benchmark, known as the TPC-D
benchmark [15], that involves the predicates such as the
LIKE predicate. Tables involving either numeric or al-
phanumeric data can be generated using TPC-D. The TPC-
D data is used in the KVI method to conduct all the experi-
ments. Unfortunately, all the alphanumeric type columns of
TPC-D data are independent of each other.

We introduce correlation factor into the generation of
TPC-D tables. More specifically, we generate our tableF

as follows. First, we generate the first columnCOL1, using
the standard TPC-D method. We then generate the second
column based on the content of the first column.

There are92 base patterns specified in the benchmark,
where each of the patterns is a color, e.g., “green”. Each
entry ofCOL1 is a pair of two randomly chosen base col-
ors separated by an underscore “”. Thus, each element in
COL1 is of the formp1 p2, where bothp1 andp2 are base
colors.

Each element of the second column,COL2 is generated
based on the content ofCOL1 in the same row. To generate
COL2 elements, we partition the92 base colors into six
groups,g1; g2; g3; g4; g5, andg6. Each group is partitioned
into four equal size subgroups. The partition is shown in
Table 1.

group name group size subgroup size
g1 4 1
g2 8 2
g3 12 3
g4 16 4
g5 20 5
g6 32 8

Table 1. Partition of the 92 base patterns

Assume that at theith row,COL1 is p1 p2, we’ll gener-
ate the correspondingCOL2 elementq1 q2 as follow: First
we determine which subgroups containp1 andp2. Suppose
p1 is in subgroupgi andp2 is in subgroupgj . With a proba-
bility of �, we randomly choose a color ingi and a color in
gj asq1 andq2 respectively. With a probability of1��, we
randomly and independently choose two colors from the92
base colors asq1 andq2 respectively. In our experiments,
we choose� = 80%.

We can see that the smaller the subgroupgi is, the
stronger the correlation betweenp1 and q1 will be. The
same is true forp2 andq2. Thus, the correlation between
the two columns depends on the partition of the base color.
The correlation also depends on�.

In our experiments, we have generated a tableF of
200K rows, i.e.,M = 200K.

Our query pattern is of the form(p; q), wherep andq
are base colors. In our experiments, we have generated476
queries .

8.1.2 Off-line Construction

In the off-line phase, we processF section by section, with
each section containing1000 rows. At the end of the pro-
cessing of each section, we always obtain two trees of size
1000 (nodes) and a1000� 1000 matrixR.
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After the whole table has been processed, we further
prune the two trees and obtainT1 andT2, whereT1 has
96 nodes andT2 has100 nodes. Correspondingly, we reor-
ganizeR and obtain a96 � 100 matrix R. T1, T2 andR
constitute the catalog.

To use the depth-based estimation methods, we need to
construct a different catalog, which (in our experiment) con-
sists of two suffix treesT1 andT2, plus a small7 � 7 DST
table. The two trees are the same as before. The DST table
stores depth-based common count information. The size7
comes from the fact that the trees before the final pruning
both have depth6.

8.1.3 On-line Estimation

Although the final catalog contains two suffix trees, no
query can be matched exactly. This is natural because the
two trees can only record substring information due to its
small size. So we must use one of the mismatch strategy to
estimate selectivity.

We test all the mismatch strategies. The performance of
those strategies is reported in the next subsection.

8.1.4 Error Analysis

We measure the performance of any mismatch strategy by
computing its relative error. That is, for a given patternP ,
if the true selectivity iss(P ), the estimated value (based
on one mismatch strategy) ise(P ), we compute the relative
error(e(P )�s(P ))=s(P ). Note that we allow negative rel-
ative errors in our discussion, but it can never be less than
�100%. Also note that based on the tableF , we can do a
simple exhaust search and find the exact value of the selec-
tivity for any given query.

We plot the cumulative number of patterns along they

axis against the relative error on thex axis: a point(x; y)
on the graph means thaty patterns have relative error� x%.

In the experiment, both strategyI1 and strategyI3 give0
as the value ofe(P ) for almost all patterns. This is not sur-
prising because those strategies estimates(P ) as the prod-
uct of the selectivity of many subpatterns ofP . StrategyI2
either under estimate or over estimate: all zero values for
subpatterns are replaced by edge weight (a large number)
and all small values remain small. These three strategies
are not acceptable and are not shown.

The performance of other strategies for the476 patterns
is shown in Figure 1–Figure 3. As we can see from the
graphs,I4; I5; CE1; CE3; DE1 andDE4 are the best6
strategies and we collect them in Figure 4.

8.2 Experiments using real data

Our experiments in this group are all based on customer
data and query obtained from one of our DB2 customers.
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Figure 1. Performance of the Independence-
based strategies for 476 patterns.

-100 0 100 200

Relative Error (%)

0

100

200

300

400

C
um

ul
at

iv
e 

N
um

be
r 

of
 p

at
te

rn
s 

CE-1
CE-2
CE-3
CE-4

Figure 2. Performance
of the Child Estimation-based strategies for
476 patterns.
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Figure 3. Performance of the Depth
Estimation-based strategies for 476 patterns.

8.2.1 Description of data and query

The original database table containsN rows (N ' 1 mil-
lion) and 36 columns. One of the columns, column 34, has
a name SPECLINSTR TEXT. This column is of the var-
char type (variable length character strings), with a max-
imum length 80 (characters). For example, the following
sentences occur in this column,

� DONT JUMP FENCE
� SMALL DOG NO PITT/ SCE LOCK ON GATE
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Figure 4. Graph of the best performing strate-
gies for 476 patterns.

� ENT LEFT DOG ON RGT
For this particular column, users (home meter readers) were
interested in asking queries of the following form (theDOG
query):

SELECT *
FROM T
WHERE SPELCLINSTR TEXT LIKE ‘%BAD%’
OR SPELCLINSTR TEXT LIKE ‘%BEWARE%’
OR SPELCLINSTR TEXT LIKE ‘%DANGEROUS%’
OR SPELCLINSTR TEXT LIKE ‘%DOBIE%’
OR SPELCLINSTR TEXT LIKE ‘%DOBY%’
OR SPELCLINSTR TEXT LIKE ‘%DOG%’
OR SPELCLINSTR TEXT LIKE ‘%MEAN%’
OR SPELCLINSTR TEXT LIKE ‘%PIT%’
OR SPELCLINSTR TEXT LIKE ‘%VICIOUS%’
OR SPELCLINSTR TEXT LIKE ‘%DG%’

We single out this particular column from the table and form
a file withN rows. We found that about 4/5 of the rows
are empty. For convenience, we delete all empty rows and
obtain our final fileF based on which we will conduct our
experiments. Incidently, the size ofF is 200K, the exact
same size as the file KVI used in their experiments. Note
that the original experiments in [5] were based on the TPC-
D benchmark where the input file is generated by artificial
means. Our data are chosen from real database and it has
a very different distribution. There are ten patterns in the
DOG query and their selectivities vary from0:000185 to
0:11072.

8.2.2 Using our method on DOG query

Although DOG query only involves one column in the table,
the multiple patterns in the query make it very interesting to
apply our two-column method to it. We just assume that
the two columns in our method are exact the same and by
doing that, we can apply our method directly to estimate the
selectivity for the one-column two-pattern query :
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Figure 5. Performance of the Independence-
based strategies for 39 DOG query pairs.
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Figure 6. Performance of
the Child Estimation-based strategies for 39
DOG query pairs.

COL like �p1� AND COL like �p2�

One interesting thing to notice is that for this type of
queries, the two trees build on the off-line stage are exactly
the same and the finaln by n matrix is symmetric. So we
just need to keep one tree and half of the entries in the ma-
trix in the catalog.

In our experiment, we generate all possible pairs of the
ten single patterns. There are10 � 9=2 = 45 of them.
Among them, 6 have selectivity of exact 0 which means the
pattern pairs never appear simultaneously in the same row.
So we only consider the remaining 39 pairs. Their exact
selectivities vary from0:000005 to 0:010995.

We notice that same as the KVI method for the real data,
to obtain a reasonable accurate estimation for the DOG
query pattern pairs, we need to keep a much larger tree
and matrix in the catalog. Figure 5–Figure 7 plot the per-
formance of different strategies for a catalog tree of 1000
nodes.

We found that very similar to the experiments for arti-
ficial data,I4; I5; CE1; CE3; DE1 andDE4 have the best
performance strategies for real data. Their performance is
plotted in Figure 8.

We point out thatDE1 andDE4 are very attractive be-
cause the space used in the caltog in these depth-based es-
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Figure 7. Performance of
the Depth Estimation-based strategies for 39
DOG query pairs.
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Figure 8. Graph of the best performing strate-
gies for 39 DOG query pairs.

timation strategies is much smaller than those used in other
strategies.

9 Conclusions

One important conclusion, from our experiments is that
estimation of alphanumeric selectivity for real data is con-
siderably more difficult than for artificial data. The data
distribution can be arbitrary and larger space allocation in
the catalog is recommended. Since this is so, there is an
opportunity for data compression techniques.

A more interesting problem is to consider correlated
columns of mixed data type. For example, we may con-
sider two columns, one of them is of alphanumeric type and
another is of numeric type. We may expect that these mixed
data type problems can be solved much more efficiently.

Finally, we may consider using other data structures to
handle alphanumeric data. Although the suffix tree is a lin-
ear space data structure for representing character strings, it
is a irregular tree and the hidden constant is not small. It
would be very interesting to find some other data structures
for our problem.
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