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ABSTRACT
Tools for querying and processing XML data are increas-
ingly available. In this context, the estimation of the cardi-
nality of queries on XML data is becoming more and more
important. The information provided by a query result es-
timator can be used as input to the query optimizer, and
as an early feedback to user queries. Existing estimation
models for XML queries focus on particular aspects of XML
querying, such as the estimation of path and twig expres-
sion cardinality, and they do not deal with the problem of
predicting the cardinality of general XQuery queries. This
paper presents a framework for estimating XML query car-
dinality. The framework provides facilities for estimating
result size of FLWR queries, hence allowing the model de-
signer to concentrate her efforts on the development of ad-
equate and accurate, while concise, statistic summaries for
XML data. The framework can also be used for extending
existing models to a wider class of XML queries.

1. INTRODUCTION
The last few years have seen the emerging and the wide

diffusion of XML. As a consequence, tools for storing, query-
ing, and manipulating XML data are nowadays increasingly
available. In the context of XML data management system,
the estimation of the cardinality of queries on XML data is
becoming more and more important: the information pro-
vided by a query result estimator can be used as input to
the query optimizer, as an early feedback to user queries, as
well as input for determining an optimal storage schema [4].

As for many other common database tasks, the peculiar
nature of XML makes result size estimation more difficult
than in the relational context; in particular, the (very) non-
uniform distribution of tags and data, together with the
dependencies imposed by the tree structure of XML data,
makes not so reasonable the usual hypothesis used in rela-
tional size estimators.

Existing estimation models for XML queries focus on par-
ticular aspects of XML querying, such as the estimation of
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path and twig expression cardinality, and they do not deal
with the problem of predicting the cardinality of general
XQuery queries. Moreover, these models usually estimate
the raw cardinality of queries (e.g., the number of nodes
returned by a path, or the number of tuples generated by
tuple-based execution engines), without providing any infor-
mation about the distribution or the nature of the expected
result, which is necessary for correctly predicting the size of
further operations.

Our Contribution. This paper presents a framework for
estimating the cardinality of FLWR XQuery queries. The
framework provides facilities for estimating the raw size as
well as the data distribution of query result. In particular,
it offers algorithms for estimating the size of sets built by
the let clause of XQuery, for correlating the estimation of
twig branches, and for applying predicate selectivity factors
according to the distribution of data.

The framework allows the model designer to concentrate
her efforts on the development of adequate and accurate,
while concise, statistic summaries for XML data. It can
also be used for extending existing models to a wider class
of XML queries.

2. ISSUES IN RESULT SIZE ESTIMATION
Result size estimation for XML queries requires the sys-

tem to predict the cardinality of any query in the language.
Referring to a fragment of XQuery [3] without recursive
functions, the most problematic aspects concern the estima-
tion of path and twig cardinality, the estimation of predicate
selectivity, as well as the estimation of group cardinality (let
binder of XQuery). While path and twig estimation is a
peculiar issue of XML and semistructured query languages,
predicate and group cardinality estimation are well-known
problems in database theory and practice. Nevertheless,
these problems receive new strength from the irregular na-
ture of XML, as briefly discussed above.

Irregular tree or forest structure.XML data can be seen
as node-labeled trees or forests; these trees, being com-
monly used for representing semistructured data, usually
have a deeply nested structure, and are far from being well-
balanced. Moreover, the same tag may occur in different
parts of the same document with a different semantics, e.g.,
the tag name under person and the tag name under city.

The irregular and overloaded structure of XML docu-
ments influences cardinality estimation, since the location of
a node inside a tree may determine its semantics, and, then,



<root>
<persons>

<person> <name>
<fullname> Caius Julius Caesar
</fullname>
<gensname> Julia </gensname>

</name>
<city> Roma </city>

</person>
</persons>
<cities>

<city> <name>
<ancientname> Roma </ancientname>
<currentname> Roma </currentname>

</name>
<nick> Caput Mundi </nick>
<nick> Eternal City </nick>

</city>
<city> <name> New York </name>

<nick> The Big Apple </nick>
</city>

</cities>
</root>

Figure 1: A sample XML document

its relevance in operations like path and predicate evalua-
tion. For example, consider the XML document shown in
Figure 1. The structure of the name element under person
is quite different from the semantics of New York’s name,
hence the evaluation of any query operation starting from
name elements should take this into account.

Non-uniform distribution of tags and values.The irreg-
ular structure of XML data, together with their hierarchical
tree-shaped nature, leads to the non-uniform distribution of
tags and values in XML trees. XML non-uniformity is fur-
ther strengthened by the presence of structural dependen-
cies among elements (e.g., name depends on person, etc). As
a consequence, a prediction model should track the prove-
nance of estimated matching elements.

These typical features of XML influence the nature and
the “complexity” of the previously cited estimation prob-
lems, and give rise to new requirements for prediction mod-
els. Hence, a closer look to these problems is necessary.

Path and twig cardinality estimation.Path and twig ex-
pressions are used in XQuery and in many other XML query
languages for retrieving nodes from a XML tree, and for
binding them to variables for later use.

The main difficulties in cardinality estimation for path
and twig expressions come from the need to reduce the pre-
diction errors induced by joins (paths and twigs are usually
translated in sequences of joins), and, for twigs only, from
the need to correlate results coming from different branches.

Predicate selectivity estimation.The estimation of pred-
icate selectivity is a well-known problem in database theory
and practice. The most effective and accurate solutions rely
on histograms for capturing the distribution of values in the
data, and on the use of the uniform distribution when noth-
ing is known about the data involved in the predicate.

In the context of XML, predicate selectivity estimation
poses new challenges. First, XML data are usually dis-
tributed in a (very) non-uniform way, hence the use of the
uniform distribution can lead to many potential errors. Sec-

ond, the selectivity of a predicate such as data($n) θ value
depends not only on θ and value, but also on a) the nodes
bound to $n, which may be heterogeneous, b) the seman-
tics of those nodes (e.g., name under person is quite different
from name under city), and c) the “region” of the document
where those nodes appear.

Many existing prediction models, while very sophisticated
and accurate, return raw numbers as result of the estima-
tion. Raw numbers, denoting the cardinality of matching
nodes in the data tree, do not carry sufficient information
for the estimation of subsequent predicates being accurate,
hence making the enclosing models not so accurate.

Groups. Unlike SQL, XQuery misses explicit constructs for
performing groupby-like operations. 1 Nevertheless, the let
binder can be used for creating heterogeneous sets of nodes,
hence for building, together with nested queries, groups and
partitions. The let binder, unlike the for binder, accumulates
each node returned by its argument into a set, which is then
bound to the binding variable. For example,

for $c in input()//city,
let $n_list := $c/name,

returns, for each city, the list of its names (ancient as well
as modern ones).

Estimating the cardinality of the let binder requires the
system a) to estimate the number of distinct groups cre-
ated, b) to correlate each group to the variables on which
it depends ($n list depends on $c), and c) to estimate the
distribution of nodes and values into each group. This in-
formation is necessary since the groups created by the let
binder can be used as starting point for further navigational
operations, as argument for aggregate functions or for pred-
icates.

The estimation of group cardinality is one of the missing
points in current XML prediction model. For what is known
to the author, no existing model for XML query languages
faces this problem, hence the support of group cardinality
estimation at the framework level becomes a must.

3. THE FRAMEWORK
Dealing with the estimation problems described in the

previous Section requires the prediction model to estimate
not only the raw cardinality of results, but also their distri-
bution. The following Sections will explain the estimation
approach employed in the framework.

3.1 Match Occurrences
The facilities offered by the framework rely on the no-

tion of match occurrence. A match occurrence o is a triple
(l, r, m), where l is a node label, r is the region where o oc-
curs, and m is the multiplicity of the occurrence; a match
occurrence o = (l, r, m), then, says that m nodes labeled l
and belonging to region r are part of the result. The no-
tion of region is wide enough to accomplish the needs of
different prediction models: it may be the type of the node
(intensional region), the type of the node together with its
location in the originating document (mixed region, e.g.,

1We are aware of proposals for extending XQuery with ex-
plicit groupby clauses. Due to time and space constraints,
we cannot discuss such proposals in this paper.



type DB = root[persons[Person*], cities[City*]]
type Person = person[PersonName]
type PersonName = name[fullname[String],

gensname[String]?]
type City = city[OldCityName,OldCityNick*|

NewCityName,NewCityNick*]
type OldCityName = name[ancientname[String]+,

modernname[String]]
type OldCityNick = nick[String]
type NewCityNick = nick[String]
type NewCityName = name[String]

Figure 2: A schema for the sample document

the node type and its bucket in the corresponding struc-
tural histogram in StatiX [4]), or the location of the node in
the originating database (extensional region, e.g., the grid
cell in the related position histogram in TIMBER [6]). Re-
gions, hence, can express both intensional and extensional
concepts, and are the main tool for describing the distribu-
tion of data. Regions are also the basic tools for correlating
match occurrences coming from different branches of a twig;
as shown in Section 3.4, correlation by means of regions is
one of the most interesting and useful facilities offered by the
framework. The following example illustrates the notion of
match occurrence.

Example 3.1 Consider the XML document shown in Fig-
ure 1, and assume that the path expression input()//name

is being evaluated on it. Assuming an extensional partition-
ing of the tree based on height, the result distribution is the
following:

{(name, 4, 3)}

This sequence denotes the occurrence of three name ele-
ments at level 4.

Assuming an intensional partitioning of data based on the
schema of Figure 3.1, the result would be the following:

{ (name, PersonName, 1), (name, OldCityName, 1),
(name, NewCityName, 1)}

3.2 ECLSs and ETLSs
Given the notion of match occurrence, the main idea be-

hind the framework is to use estimation functions that ma-
nipulate sequences of match occurrences called Extended
Context Label Sequences. An ECLS, hence, is a sequence
where match occurrences for a given path are accumulated.
The following example briefly illustrates this point.

Example 3.2 Consider the query fragment of the previous
example, and the intensional partitioning hypothesis. Then,
the ECLS generated for the path expression would be the
following.

{ (name, PersonName, 1), (name, OldCityName, 1),
(name, NewCityName, 1)}

ECLSs are bound to variable symbols to form a data struc-
ture called ETLS (Extended Tuple Label Sequence), which
collects estimations about all tuples produced by the sys-
tem. Two key points must be noted: first, each variable is
bound to a sequence (possibly, a singleton) of ECLSs, in or-
der to support the cardinality estimation of groups; second,

the ECLS associated with a variable contains all the match
occurrences found for the variable, hence only one ETLS is
generated during query cardinality estimation.

The following example shows a sample ETLS.

Example 3.3 Consider the following query clause:

for $c in input()//city,
$n in $c/name

The estimation of the cardinality for this clause (type re-
gions) would generate the following ETLS.

{$c :< { (city, City, 2)} >,
$n :< { (name, OldCityName, 1)},

(city, NewCityName, 1)} >}

3.3 Cardinality Notions
One key point in any estimation model is what cardinal-

ity notion is used, i.e., how the size measures returned by
the model should be interpreted. The most common opera-
tional model for XML queries (at least, for queries involving
variables) is based on the construction of tuples carrying
the values bound to variables [1]; since usual optimization
heuristics are based on the minimization of the number of
granules generated during query evaluation, the natural car-
dinality notion is the number of such granules (e.g., [4]).

The proposed framework embodies the vision of interme-
diate tuple generation, hence it supports the number of gen-
erated tuples as cardinality notion. The way this number is
computed from ETLSs depends on the specific model be-
ing considered. However, the framework contains a general
purpose cardinality function ‖ · ‖.

This notion of cardinality, while widely used, provide no
information about the shape and structure of XML data
returned by a query, hence models relying on this raw notion
only are exposed to (many) potential estimation errors.

3.4 Correlation
The correlation problem refers to the need of correlating

estimations coming from distinct branches of the same twig.
Consider, for example, the following query clause:

for $x in input()/a,
$y in $x/b,
$z in $y/c,
$w in $y/d

This clause matches a two-branch twig against an hypo-
thetical document; in order to correctly predict the number
of tuples in the result it is necessary to correlate the estima-
tion for the branch b/c with the estimation for the branch
b/d. Without such a correlation, computing the number
of tuples represented by a given ETLS would require the
model to multiply the multiplicity of $z with that of $w
(cross product hypothesis), hence introducing many poten-
tial errors.2

Twig branch correlation can be performed by using re-
gions. The idea is the following. Once estimated the cardi-
nality of the twig branches, the number of generated tuples

2The framework makes the implicit assumption that twig
cardinality is not directly stored in statistics, but, instead,
computed from path cardinality. This assumption is com-
mon in statistical models for XML queries.



can be obtained from the resulting ETLS by identifying the
variables having a common root variable, and multiplying
the multiplicity of those match occurrences sharing the same
parent region.

Example 3.4 Consider the following query fragment:

for $c in input()//city,
$y in $c/name,
$nick in $c/nick,

This query fragment retrieves, for each city element in
the database, its name and the list of its nicknames. By
evaluating this clause on the sample document of Figure
1, the framework produces the following ETLS (intentional
partitioning):

{$c :< { (city, City, 2)} >,
$n :< { (name, OldCityName, 1)},

(name, NewCityName, 1)} >}
$nick :< { (nick, OldCityNick, 2),

(nick, NewCityNick, 1)} >

Without any correlation, the predicted number of tuple
would be 6, which is clearly wrong (the right number is 3).
By correlating nick elements and name elements on the basis
of their parent region, the framework can correctly estimates
the number of tuples as 3.

Correlation affects the tuple cardinality computing func-
tion, as well as other facilities of the framework: the car-
dinality of an ETLS is computed by multiplying the mul-
tiplicity of correlated match occurrences only, independent
variables (e.g., variables bound to different documents) be-
ing considered as fully correlated (each match occurrence is
correlated to any other).

3.5 Group cardinality estimation
Group cardinality estimation refers to the problem of esti-

mating the dimension of sets created by the let binder, and,
more generally, by the use of free path expressions outside
the binding clauses for and let. In Section 2 three main issues
were identified about groups: the estimation of the number
of distinct groups; the correlation between each group and
the variable instance, which it depends on; and the estima-
tion of the distribution of data into each group.

The number of groups created by the let binder is equal to
the multiplicity of the variable on which the groups depend.
Consider, for example, the query fragment shown below:

for $c in input()//city,
let $n_list := $c/name,

For each city node bound to $c, a distinct $n list group is
created.

Thus, the framework computes the number of groups by
using the following function, which sums multiplicity of match
occurrences for a single variable:

‖etls($c)‖ =

{
Σ(l,ml,rl)∈eml if etls($c) =< e >

n if etls($c) =< e1, . . . , en >

The second case in the definition is necessary when the
root variable of the let binder is itself the result of the ap-
plication of another let binder, as in the fragment shown
below:

for $c in input()//city,
let $n_list := $c/name,
let $notes := $n_list/notes,

In this particular case, the number of groups is equal to
the number of groups of the root variable ($n list).

Once computed the number of groups, the framework
must create each group and estimate the data distribution
inside it. The group creation algorithm is based on the cor-
relation function, and, performs the following step: the al-
gorithm, first, collects all match occurrences of the let path
expression in a set S, and creates m empty groups, where m
is the estimated number of groups; then, it correlates each
occurrence o in S with the root match occurrences, and dis-
tributes them accordingly. The following example illustrates
the group creation process.

Example 3.5 Consider our well-known query fragment:

for $c in input()//city,
let $n_list := $c/name,

By estimating for clause cardinality on the sample doc-
ument of Figure 1, the framework generates the following
ETLS:

{$c :< {(city, City, 2)} >}

The list of match occurrences collected for the let path
expression (intensional partitioning) is the following:

{(name, OldCityName, 1), (name, NewCityName, 1)}

The framework creates 2 groups, and distributes match
occurrences as shown below.

{$n list :< { (name, OldCityName, 1)},
{(name, NewCityName, 1)} >}

The group creation algorithm has O(n2) worst case time
complexity, where n is the number of match occurrences.
This moderate time complexity is the price payed for ob-
taining a very accurate size estimation.

3.6 Predicate selectivity estimation
The estimation of predicate selectivity for XML queries

shows two main issues. The first issue concerns the estima-
tion process itself as well as the nature of selectivity factors.
As already discussed, XML documents have an irregular
structure, where tags and values are distributed in a way
far from being uniform. As a consequence, the uniform dis-
tribution hypothesis is not suitable for predicates on XML
data. Moreover, queries can contain value predicates (e.g.,
data($y) > 1982, where $y is bound to year elements) and
structural predicates about the existence of children nodes
with a given label (e.g., book[publisher]); finally, even if
we consider only value predicates, variables can be bound to
heterogeneous nodes, for instance $a bound to author and
publisher nodes. Hence, the selectivity factor for a given
predicate P should be a function of structural information.

Given that, the framework supports selectivity factors as
functions of the tag and the region of a given match occur-
rence. This choice allows the framework to take structural
information (even type information if an intensional parti-
tioning is used) into account, hence increasing the accuracy



of the cardinality estimation. The following example clari-
fies this point.

Example 3.6 Consider the following query fragment:

for $c in input()//city,
$n in op:union($c//ancientname, $c//currentname)

where data($n) = "Monticello"

The predicate data($n) = "Monticello" applies to an-
cientname and currentname elements, and its selectivity fac-
tor depends on the tag of the subject node, since values can
have different distributions in ancientname and currentname
elements (e.g., ”Monticello” is a quite common name for
small Italian villages, even though their Latin or medieval
names were slightly different).

Selectivity factors for unary predicates can be defined as
follows.

Definition 3.7 Given a unary predicate P , the selectivity
factor of P psf [P ] is a function

psf [P ] : label × region → [0, 1]

that, given a label l and a region r, returns a real number
belonging to [0,1].

This definition naturally leads to histogram-based selec-
tivity factors, even though the model designer is free to
choose the preferred way of collecting and storing statistics.
Histograms can be built and managed by using well-known
techniques, without the need for particular changes.

The following example illustrates unary predicate selec-
tivity factors.

Example 3.8 Consider the query fragment of the previous
example, where variable $n is bound to ancientname as well
as currentname elements. Assuming that statistics are gath-
ered from a bigger document than that of Figure 1, the selec-
tivity factor for the predicate P ≡ data($n) = ”Monticello”
could be the following:

psf [P ] =



(ancientname, r1) → 0.2
. . .
(ancientname, r5) → 0.07
(currentname, r6) → 0.75
. . .
(currentname, r9) → 0.67

The definition of predicate selectivity factors extends from
unary predicates to binary and n-ary predicates. For binary
and n-ary predicates, selectivity factors are built on a single
variable, whose choice is left to the specific model.

The second main issue about predicate selectivity estima-
tion concerns the way these factors are applied to ETLSs in
the framework. For instance, given the well-known predicate
data($n) = "Monticello", the values returned by psf [P ]
are used for decreasing the multiplicity of match occurrences
bound to $n. Still, this is not sufficient, as the predicate cuts
the number of twig instances collected on data; hence, the
multiplicity decrease should be applied also to any directly
or indirectly dependent variable ($c only in the example).
For applying this decrease and preserving accuracy, multi-
plicity decrease propagation should be based on the corre-
lation mechanism previously described.

As a consequence, the framework offers a predicate se-
lectivity factor application function, which, starting from
the predicate variable, scans match occurrences, applies the
right factor, and reapplies the transformation to directly
or indirectly dependent variables. The following example
shows how selectivity factors are applied.

Example 3.9 Consider again the query fragment of Exam-
ple 3.6, and the selectivity factor of Example 3.8; assume
that the for clause estimation returns the following ETLS:

{$c :< { (city, r1, 2), (city, r3, 1), (city, r4, 1)} >,
$n :< { (ancientname, r5, 2), (currentname, r6, 1),

(currentname, r9, 1)} >}

By applying the selectivity factor of Example 3.8, the frame-
work generates the following ETLS:

{$c :< { (city, r1, .14), (city, r3, .75), (city, r4, .67)} >,
$n :< { (ancientname, r5, .14), (currentname, r6, .75),

(currentname, r9, .67)} >}

(we assume that r5 correlates to r1, and that r6 and r9

correlate to r3 and r4 respectively).

4. COMPLEXITY ISSUES
In this Section we will briefly expose some complexity re-

sults about the most important algorithms of the frame-
work, namely the correlation function, the selectivity factor
propagation algorithm, the group cardinality estimation al-
gorithm, and the cardinality computing function; due to lack
of space these algorithms are reported in [5].

The correlation function determines whether two match
occurrences o1 and o2 are correlated by a common ances-
tor in the sequence of ECLSs associated to a parent variable
$root. The problem is equivalent to the problem of finding a
common ancestor in a portion R of a graph G, where nodes
are labeled with pairs (label, region), and edges are deter-
mined by the structure of the document and by the region
partitioning scheme. Due to the constraint represented by
R, NCA (Nearest Common Ancestor) should be modified to
be used in this context: in particular, by endowing each pair
(l, r), during statistics collection, with its reachability sets
in G (both ancestors and descendants), this problem can be
solved in time O(n), where n is the number of match occur-
rences bound to the variable $root. These sets are used for
lowering time complexity of other algorithms too.

In a similar way, the selectivity factor propagation prob-
lem can be reduced to the exploration of the (l, r) graph;
hence, by exploiting the reachability set of (l, r) pairs and
supplementary data structures, the propagation can be per-
formed in O(m + n) time, where n is the number of match
occurrences and m is the number of edges in the graph. Due
to the wide space requirements of the auxiliary data struc-
tures, in [5] we describe a more space-conscious algorithm
with time complexity O(n2).

The group cardinality estimation algorithm is heavily based
on the correlation function, since match occurrence distri-
bution is performed according to the correlation relation.
The algorithm just scans, for any match occurrence in the
let path expression, the list of the root match occurrences,
in order to find the target groups; as a consequence, the al-
gorithm has O(n2) worst case time complexity, where n is
the number of root match occurrences.

The cardinality computing function identifies trees of match-
ing occurrences in the ETLS, and then computes their car-
dinality. This is performed by computing the cardinality of



each twig in the query Q, and by combining them in the
cardinality of the whole query; the calculation relies again
on the correlation function, hence leading to a O(n3) worst
case time complexity.

5. RELATED WORKS

TIMBER result size model.In [6] authors propose two
models for estimating the number of matches of twig queries.
The proposed models rely on position histograms for pred-
icates in a set P. Position histograms can be used for es-
timating the raw cardinality of simple ancestor/descendant
queries. The first model exploits position histograms only,
while the second one also uses coverage histograms, a kind
of structural information for increasing the accuracy of the
prediction; unlike the first model, however, this one can be
used only when the schema information is available, and, in
particular, when the ancestor predicate in a pattern (P1, P2)
satisfies the no-overlap property.

The model based on coverage histograms is much more
accurate than the model based only on position histograms;
unfortunately, its applicability is limited, and, in particular,
it cannot be exploited in recursive documents, where the two
proposed models behave badly. Moreover, the estimations
are limited to ancestor/descendant paths, and it is not clear
how they can be extended to complex twigs involving also
parent/child relationships. Finally, the model only deals
with twig matching, hence ignoring critical issues such as
iterators, binders, nested queries, etc.

Niagara’s models.In [2] authors present the path expres-
sion selectivity estimation models employed in Niagara. The
models can be used to compute the selectivity of path ex-
pressions of the form a/b/.../f, i.e., XPath patterns with-
out closure operators (//) and inline conditions; moreover,
the models cannot be applied to twigs.

The first model is based on a structure called path tree.
Since a path tree may have the same size as the database
(e.g., when paths in the database are distinct from each
other), summarization techniques should be applied to con-
strain the size of the path tree to the available main memory.

The second model is based on a more sophisticated statis-
tic structure called Markov table. This table, implemented
as an ordinary hash table, contains any distinct path of
length up to m (m ≥ 2), and its selectivity. As for path trees,
the size of a Markov table may exceed the total amount of
available main memory, hence summarization techniques are
required.

The proposed approaches are quite simple and effective:
the Markov table technique, in particular, delivers an high
level of accuracy (much more than the pruned suffix tree
methods). Unfortunately, they are limited to simple path
expressions, and there is no clear way to extend them to
twigs or predicates.

StatiX statistics model.In [4] authors describe a method-
ology for collecting statistics about XML documents; the
proposed approach is applied in LegoDB for providing statis-
tics about XML-to-relational storage policies, and, to a less
extent, in the Galax system for predicting XML query result
size.

The StatiX approach aims to build statistics capturing

both the irregular structure of XML documents and the
non-uniform distribution of tags and values within docu-
ments. To this purpose, it relies on the schema associated
to each document. Indeed, given a XML Schema description
S describing a XML document T , StatiX builds O(m + n)
histograms, where m and n are respectively the number of
edges and nodes in the graph representation of S. StatiX
histograms fall into two categories: structural histograms,
which describe the distribution and the correlation of non-
terminal type instances, and value histograms, which, as
in the relational case, represent value distribution of simple
elements (i.e., elements whose content is a base value).

The StatiX system can tune statistics granularity by ap-
plying conservative schema transformations to the original
XML Schema description, i.e., transformations preserving
the class of described documents, and not introducing am-
biguity.

6. CONCLUSIONS
This paper has described a framework for estimating the

cardinality of XML queries. The proposed framework offers
tools and algorithms for predicting not only the raw size of
query results, but also the distribution of data inside them,
hence making the prediction of the size of subsequent op-
erations more accurate. The facilities offered by the frame-
work range from group cardinality estimation to twig branch
correlation, and selectivity factor application; by relying on
these facilities, the model designer can focus on the defini-
tion of accurate and concise statistic summaries.
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Proceedings of the 8th International Conference on Extending
Database Technology, Prague, Czech Republic, March 25-27,
2002, volume 2287 of Lecture Notes in Computer Science,
pages 590–608. Springer, 2002.


