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Abstract. This paper describes an approach for the structure and content se-
mantic similarity detection between two XML documents from heterogeneous
data sources using the notion of keys. Comparisons with the previous systems
(XDol and XDI-CSSK) are presented to show that our new approach has a bet-
ter performance by a big order of magnitude in terms of detection, false-
positives and execution time.
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1 Introduction

XML has been increasing relevance as a means for exchange information and com-
plex data representation on the Internet [7]. As a matter of fact, different XML
sources may have similar contents, but described using different tag names and struc-
tures such as bibliography data; DBLP [20] and Sigmod Record [1]. Integration of the
similar XML documents from different data sources benefits users to get access to
more complete and useful information.

Since XML documents encode not only structure but also data, to measure accurate
similarities among them for XML document integration, it requires similarity compu-
tation on both structure and content. In most of the matching algorithms, XML docu-
ments are considered as a collection of items represented in XML tree forms. Then
they are fragmented into small independent items representing objects called subtrees.
Next, to find out which subtrees are similar between two XML documents, their subt-
ree similarities are measured in terms of both structure and content. The subtree pairs
having higher similarity than a given threshold are considered as matched pairs which
are finally integrated into one XML document. There are recent works on XML doc-
ument integration such as SLAX [12] and [3, 4, and 6]. Our earlier proposed work on
XML integration techniques are XDol [18] and XDI-CSSK [17] that outperforms
SLAX [12]. However, in these two approaches, we first find XML content similarity
degrees without taking its structure into account and then comparing the structure
similarity later. It should be rather other way around, comparing content similarity
from the two given subtrees based on their similar structures. The content similarity
degrees are measured by computing common leaf-node values from a subtree in a
base XML document against another subtree in the target XML document. This is a
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time consuming method; it would have been better to compare leaf-node values only
when they have similar structures.

In this paper, our objective is to design, implement and evaluate a framework of
XML integration based on XML structure and content similarity detection using keys
and semantic matching (see Section 3). This framework is an improvement on our
previous works (XDol [18] and XDI-CSSK [17]) as we focus on semantics associated
with the child nodes in a subtree that helps in reducing the number of subtree compar-
isons to be made. The contributions of this paper can be summarized as follows:

1. We proposed an improved framework for XML integration which uses some of
the earlier on the clustering of XML documents into subtrees, key(s) finding and
matching subtrees using key(s) from [17] and the metric of semantic similarity
based on Information Content using Java WordNet Similarity Library (JWSL)
from [14]. We define a new method of computing similarity between two XML
documents in terms of both structure and content. The matching subtree algo-
rithm has been implemented based on structure (path) semantic similarity.

2. We performed experiments on bibliography data sources, ACS SIGMOD Record
[1] and DBLP [20] and evaluated the proposed framework by comparing it with
the previous systems in order to depict how this approach gets improvement in
different parameters such as similarity detection and execution time.

3. Our experimental results shows impressive improvement in terms of execution
time over the earlier papers [17, 18] and the number of false positives has been
reduced by 12.84% in comparison to them.

2 Related Work

Similarity detections in XML can be categorized into groups: (1) structural similarity
and (2) content and structural similarity. The structural similarity detections mostly
are used in document clustering and change detection. The content and structural
similarity is appropriate to be employed in document integration.

There are several approaches [3, 4, 6], for structural similarity in tree-based docu-
ments based on finding the least edit-distance [22] between two documents by identi-
fying how the first document can be edited to become the second document. There are
also works on structure-oriented similarity which aimed to extract pure structural
information from documents. Tree Edit Distance (TED) measures the minimum num-
ber of node insertions, deletions and updated which are required to convert one tree
into another. TED assigns a cost value of 1 to each edit operation as default [3, 4].
The edit distance between two trees is the smallest cost of transforming T1 to T2. The
computation of the tree edit distance is of 0(n?min?(l,d)) time and O (n?) space for
a tree with n nodes, [ leaves, and depth d [22].

Path similarity [11] measures the similarity of paths between two different docu-
ments. A path is defined as a list of connected nodes starting at the root and terminat-
ing at a leaf node. Path similarity can be measured in several different ways: binary
where a path is either equivalent or not; partial, where the number of comparable
nodes in each path are discovered; or weighted, where the nodes are weighted accord-
ing to their distance from the root. The partial path similarity measures are expensive
to compute as there are n! mappings between the paths of two trees. They are exhaus-
tive algorithms that produce the optimal similarity score.
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Structural similarity can be compared using XML DTD by comparing a docu-
ment’s DTD against another document’s DTD in order to identify commonalities and
differences between them; however, sometimes XML DTD might not be available.

To identify the similarity between two elements, there are many approaches: (1)
string matching, (2) edit distance and, (3) semantic similarity. These approaches are
effective and widely used metrics for measuring similarity. String matching is to
check whether the strings are identical. It is simple to implement using string match-
ing but the result of similarity may miss some similar strings. The distance between
strings s and t is the cost of the best sequence of edit operations that converts s to t.
As mentioned before, edit distance is time-consuming and the similarity result may
not be accurate in terms of semantic. Another approach which is in many ways similar
to the edit distance is the Longest Common Subsequence (LCS) approach [2]. It finds
the longest sequence of tokens common to the two strings.

Semantic similarity methods [9, 10, 13, 14, and 16] have been introduced in order to
capture meaning of words. Generally, these methods can be categorized into two main
groups: edge-counting-based methods [15] and information corpus-based methods.

The information theory-based method for semantic similarity was first proposed by
[16]. The similarity of two concepts is defined as the maximum of the information
content of the concept that subsumes them in the taxonomy hierarchy. The informa-
tion content of a concept depends on the probability of encountering an instance of
the concept in a corpus. The probability of a concept is determined by the frequency
of occurrence of the concept and its sub-concept in the corpus. The information con-
tent is then defined as negative the log of the probability. [9] proposed a combined
method that is derived from the edge-based notion by adding the information content
as a decision factor. They consider the fact that edges in the taxonomy may have
unequal link strength, so link strength of an edge between two adjacent nodes is de-
termined by local density, node depth, information content, and link type. The simi-
larity between two words is simply the summation of edge weights along the shortest
path linking two words. [13] derived a theoretically well-motivated measure that is
similar to Resnik’s information content [16]. Lin’s modification [13] consisted of
normalizing by the combination of information content of the compared concepts and
assuming their independence.

The well-known knowledge resource as taxonomy hierarchy is WordNet [8]. It is a
utility program that allows a user to compute information content values from the
Brown Corpus, the Penn Treebank, the British National Corpus, or any given corpus of
raw text. Pirror and Seco have implemented Java WordNet Similarity Library (JWSL)
[14] that provides methods based on information theoretic theories of similarity.

As we know that keys are an essential part of database design; they are fundamen-
tal to data models and conceptual design. Not only semantic similarity, but using
XML keys also assists in the subtree matching. XML key concept is introduced in [5].
If we could identify keys in XML documents, it would reduce the number of match-
ings dramatically. Since most of the XML data is data-centric; derived from the rela-
tional data model, therefore, in such cases, it is better to exploit keys to find better
similarity matching subtrees.
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3 Problem Statement

In this paper, we focus on the drawbacks of the previous works XDol [18] and XDI-
CSSK [17]. In these methods, the subtree similarities are computed based on the con-
tent similarity first by comparing the number of common values at the leaf-node levels
without considering their structure. If the content similarity results cause multiple
matchings then the structural similarity (or path similarity) is taken into account to
distinguish which subtree pair is more similar. This makes the similarity computation
time-consuming because all leaf nodes are compared even though they are not similar
in terms of their data types and semantics.
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Fig. 1. Example of XML documents compared in XDol and XDI-CSSK

Figure 1 shows XML documents structure of SigmodRecord and DBLP docu-
ments. To integrate these two XML documents, XDol and XDI-CSSK cluster them
into smaller subtrees using leaf-node parents as clustering points and compare all
subtree pairs. It has been shown that XDI-CSSK’s clustering is better than XDol in
[17] since XDI-CSSK is able to segment the XML documents into proper subtrees.
For this example, the clustering points are the edges above the article node from Sig-
modRecord, and the inproceedings and proceedings nodes from DBLP. Even XDI-
CSSK obtains suitable clustered subtrees in order to compare them between the two
XML documents since it removes inappropriate subtree levels from the results of
multiple matchings using keys, but it does not consider the document structures while
doing the content similarity. The algorithms of both approaches for finding content
and structure similarity are straightforward; they compare leaf nodes having the same
PCDATA value. For this example, all the leaf nodes rooted by the article node are
compared with the leaf nodes rooted by the inproceedings and proceedings nodes.
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Obviously, it does not make sense to compare the value at the fitle node in the article
subtree with the value at the pages or year nodes in the inproceedings subtree, since
they are not similar in terms of their semantics and their data types. Therefore, this
similarity computation provides no additional information while comparing these leaf
nodes.

XDol shows that the key identified can reduce the number of subtree matchings
and XDI-CSSK takes advantage from the results of key matchings by analyzing the
matching characteristics in order to get rid of improper subtrees so that the subtree
matching does not suffer from comparing the inappropriate subtrees.

In this paper, we address the above drawbacks by considering the semantic struc-
tural similarity of leaf nodes in the distinct clustered subtrees before comparing the
content at leaf nodes.

4 Our Approach

In this section, we address our approach called XML-SIM which is an improvement
over XDol and XDI-CSSK to detect similarity of two XML documents. We first
explain the overall frame work of this approach and the details of each component.
We then discuss the algorithm of this approach.

4.1 XML-SIM Framework

XML-SIM framework consists of four components (1) XML document storage, (2)
Subtree generation, (3) Key generation and matching, and (4) Similarity detection and
subtree matching. Figure 2 shows the overall framework of our approach.
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Fig. 2. XML-SIM framework
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First, XML documents are stored into a relational database which increases scala-
bility so that the memory limitation of loading very large XML trees into the main
memory is not our constraint. Second, XML documents are clustered into subtrees
using leaf-node parents which are verified for subtree integrity by instance statistics
concept [19]. We then define XML key(s) based on a leaf-node value match for all
unique node values with the same path signature. The key(s) is later used in matching
subtrees with key(s). However, the consequences of the key matching may result
multiple matchings since an identified key may be a part of one or more different
subtrees according to Definition 6 in Section 4.2; this key-matching information can
be used in the subtree filter process in order to get rid of inappropriate subtrees. At
this point, we are mainly left with all the proper subtrees to be compared. The struc-
tures of defined proper subtrees are measured to find the semantic structural similarity
based on the taxonomic analyzer. The semantic structural similarity is exploited in
order to compare the content similarity. The content similarity is determined by com-
paring leaf-node values which have similar semantic structure. Finally, the system
results into the best matched subtree pairs. These matched subtree pairs can then be
integrated together.

4.2 Key Definitions for XML-SIM

In this section, we present the notations, definitions and the improved algorithm in
order to solve the problem mentioned in Section 3.

4.2.1 XML Document Storage
First, we provide some definitions regarding XML documents and describe the sto-
rage model to store XML documents.

Definition 1: XML Document Tree — An XML document tree T; is an ordered la-
beled tree generated after parsing an XML document. T; denoted as T; = (V, vy, E)
where V is the set of nodes; v, is the root node; E is the set of edges in the tree T;. Ty,
is a base document tree and Ty is a target document tree.

The XML documents are loaded into a relational database using XRel [21]. XRel
decomposes an XML document into nodes on the basis of its tree structure and stored
in relational tables according to the node type, with path information from the root to
each node. The basic XRel schema consists of the following four relational schemas:

Element(docID, pathID, start, end, index, reindex)
Attribute(docID, pathID, start, end, value)
Text(docID, pathID, start, end, value)
Path(pathID, pathexp)

Fig. 3. XRel’s schema

The database attributes “docID”, “pathID”, “start”, “end” and “value” represent
document identifier, simple path expression identifier, start position of a region, end
position of a region, and string-value respectively. The occurrence of an element node
or a leaf-node is identified by its region and stored in the relations Element and Text.
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To identify each of the attribute nodes, the attribute name is kept as the suffix of the
simple path expression of an attribute node and the attribute value is stored in the
relation Attribute. The database attribute “pathexp” in the relation Path stores simple
path expressions explained in Definition 2.

Definition 2: Path expression — Any node v; can identified its location within a tree
T; by a path expression or path signature p;. A path expression p; consists of a series
of one or more nodes from the node set V separated by "/". From Figure 1, the node
title has its path expression as /sigmodRecord/issue/articles/article/title. The path
expressions are used in order to measure semantic structure similarity.

4.2.2 Subtree Generation
In this subsection, we give definitions related to the subtree clustering and discuss the
subtree generation phase.

Definition 3: Leaf-node Parent — For a document tree T; with a node set V and an
edge set E, vy, is a leaf-node parent, if (1) v, €V (2) (Ubvp) € E, where vy, is the
parent of v; and v, is a leaf node.

In other words, a leaf-node parent is a node that has at least a child as a leaf node.
This node is considered as a root of subtree in the clustering process. In Figure 1, the

leaf-node parents are the nodes, “issue”, “article” and “author”. They can be found
using the SQL query in Figure 4.

SELECT distinct docid, p.pathid as pathid, pathexp
FROM text 1, path p
WHERE p.pathid = l.pathid

Fig. 4. SQL query for finding leaf-node parents

Definition 4: Clustering Point — An edge e, is an edge between nodes v, and v;.
The edge e.is a clustering point iff (vy,v;) € E, where v; is the parent of v,
and vy,.is the leaf-node parent from Definition 2. The edge e is deleted to generate a
subtree t; denoted as t; = (V;, vy, E;). The clustering point indicates the place for
clustering an XML tree into subtree(s).

The clustered subtrees are categorized into two types, simple subtree and complex
subtree discussed in Definitions 5 and 6 below.

Definition 5: Simple Subtree — Given two XML document trees Ty, and Ty, where T},
denotes the base tree and T; denotes the target tree. Both Ty, and T, are clustered into
ky and k. subtrees respectively, where tp;(1 <1i<ky) and t;j(1 <j <k;). The
subtree ty; with a node set Vy,; is a “simple subtree” iff (i) num_parent(v,;) = 0,
(ii) num_parent (v,;) = 1 and parent of vy;is NOT a leaf-node parent (from Defini-
tion 3), where vy, is a leaf-node parent in the subtree t,; and num_parent() is a func-
tion to count the number of parents. This condition is applied to the subtree t;; as
well. A simple subtree is a clustered tree with only a root and leaf
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Definition 6: Complex Subtree — Any clustered subtrees t; with a node set Vi are
complex subtrees iff parent of V;;i is a leaf-node parent. A complex subtree is a clus-
tered subtree with at least one simple subtree, a root and one or more of leaf nodes.

The leaf-node parent and clustered subtrees are also stored in the relational database
as in Figure 5. The leafnode_parent relation stores path signatures that have leaf-
nodes and its parent path expressions. The pathids of parent paths can be retrieved
from the path relation. The subtree relation keeps the clustered subtrees which are
used in similarity comparison later on. Each subtree contains path information, con-
tent values at the leaf-node level and a key flag. The key flag is used to identify the
leaf-node uniqueness based on the same pathid. The key generation is discussed in
Section 4.2.4.

Leanode_parent(docID, ppathExp, ppathid, pathexp, pathid)
Subtree(docID, ppathID, pst, ped,pathid, st, ed, value, key, subtreeid)

Fig. 5. XML-SIM’s relations

4.2.3 Subtree Validation

A subtrees representing an independent object should contain nodes representing
different information; it should not have only one kind of nodes. For example, in
Figure 1 <authors> is the parent for two <author> nodes which are its leaf nodes. The
<authors> node is considered as the root of the subtree which has two <author> nodes
as its children. It is obvious that this kind of subtree does not contain any other infor-
mation than <author> and therefore, it is not very useful to extract this kind of sub-
trees to be compared in the subtree similarity measurement.

Instance Statistics on Subtree
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Fig. 6. Statistics on subtree structure
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DELETE FROM leafnode_parent
WHERE ppathexp IN (
SELECT ppathexp
FROM leafnode_parent
GROUP BY ppathexp
HAVING count(pathexp) = 1)

Fig. 7. Remove leaf-node parents not having one-to-one relationship

We apply the instance statistics concept based on subtree element structure [19] in
order to check the relationship between the leaf-node parent element and its children’s
leaf-node elements whether they preserve a loose 1:1 relationship by capturing how
often an instance (or a subtree) of leaf-node parents includes a particular number of
instances of children. Figure 6 shows that the frequencies of the number of <title>
elements per <article> subtree have exactly one title; on the other hand; the majority
of the number of “author” occurrences per “authors” subtree is two. The relationship
between <article> and <title> is called a 1:1 relationship. The leaf-node parents not
having a loose 1:1 relationship with their children are removed from the leaf-
node_parent relation using the SQL in Figure 7.

4.2.4 Key Generation

The key of a subtree is modeled as an XML attribute which is one of leaf nodes in a
subtree. It has a unique value and is able to identify other attributes in its subtree. We
identify the possible keys for the XML documents by the SQL query in Figure 8 re-
trieving unique values from the text relation that can be used to distinguish items from
others.

Definition 7: Subtree key — a subtree key is a leaf node vy, which has a unique value
compared with any leaf nodes v, having the same path expression py, where pyis the
path expression of the node vy,.

SELECT docid, pathid, value
FROM text

GROUP BY docid, PathID,Value
HAVING Count(Value) = 1

Fig. 8. SQL query to identify leaf nodes as key(s)

The labels associated with the returned leaf nodes are considered as subtree keys.
We flag “Y” in the attribute “key” on the matched records (according to their docid,
pathid, and value) in the subtree relation.

4.2.5 Subtree Matching Using Subtree Keys

The subtree keys found in the previous step are used to match subtrees by comparing
the subtrees having their leaf nodes (labels) marked as “key” and having identical
values. The key matching results are stored in a temporary relation called
v_key_match. The subtree key matching may cause multiple matchings, stored in
v_key_manymatching, since complex subtrees contain multiple subtrees which may
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have leaf nodes defined as “key”. Even though this comparison ignores the structure
of the leaf nodes but its matching results can be analyzed in order to find out which
subtree level is not appropriate to be compared. We analyze the matching information
by examining the number of subtree matchings less than the median number of alter-
nate keys. The intuition behind is that a complex subtree may contain a huge number
of simple subtrees having alternate keys inside. This kind of complex subtrees will
cause several useless matchings and are considered as improper subtrees. To elimi-
nate the improper subtrees, we define a threshold calculated using the median number
of the alternate keys. The subtrees causing the number of multiple matchings more
than the median number of the alternate keys are eliminated. The results of the key
matching are retrieved by the SQL query in Figure 9 and are analyzed using the SQL
queries in Figure 10 (a) and (b) in order to find the proper leaf-node parents.

SELECT DISTINCT sl.docid as base_docid, sl.subtreeid AS base_subtreeid, s2.docid as
target_docid, s2.subtreeid AS target_subtreeid

FROM subtree sl1, subtree s2

WHERE s1.docid = docid of the base document

AND s2.docid = docid of the target document

AND (s1. KEY ='Y'

AND s2.KEY ='Y")

AND s1.VALUE =s2. VALUE

Fig. 9. SQL query for key matching

Part (a)

SELECT 'doc_base' as doc_type, base_docid as docid, base_subtreeid as subtreeid, count(*)
as match_cnt

FROM v_key_match

GROUP BY base_docid, base_subtreeid

HAVING count(*) > median # of alternate keys in the base document

UNION

SELECT 'doc_target' as doc_type, target_docid as docid, target_subtreeid as subtreeid,
count(*) as match_cnt

FROM v_key_match

GROUP BY target_docid, target_subtreeid

HAVING count(*) > median # of alternate keys in the target document

Part (b)

SELECT distinct docid, ppathid

FROM subtree

MINUS

SELECT distinct v.docid, s.ppathid
FROM v_key_manymatching v, subtree s
WHERE v.docid = s.docid and
v.subtreeid = s.subtreeid

Fig. 10. (a) SQL query for finding multiple matching over the median number of alternate keys
(b) SQL query for finding proper leaf-node parents
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At this point, we have filtered the subtrees and got the appropriate subtrees from
both XML documents to be compared in the structure and content similarity detection.

4.2.6 Structure and Content Similarity Detection

In order to detect the right matched subtree pairs, we consider both structure and con-
tent of the base and target XML trees. First, we define the Path Semantic Similarity
Degree base on the signatures.

Notation. For any subtree t; = (V;, v, E;) rooted by distinct labels of node vy, let
Vi = {vi, v, -, Vin} be a collection of leaf nodes in t; iff V; € V;. Consider
P, = {p;1, D12, -, Pin} as a collection of path expressions (defined in Definition 2) of
the leaf nodes in V;; Vi has n elements.

All pyj in the base subtree where 1 < j < n,, are compared with all py, in the tar-
get subtree where 1 < k < n;; n, and n; are the number of leaf nodes in the base
subtree and target subtree respectively to determine the path semantic similarity. To
be able to measure the path similarity between p;; and py, we need to compare the
node labels from py; and py, first.

Definition 8: Node Label Semantic Similarity Degree (NSSD) — For each pair of
path expressions py; and py,, let V; = {Vj1, Vj3, ..., Vjn, } and Vi = {Vgy, Vi, o) Vicn, 3
denote a series of nodes in py; and py respectively. The node label semantic similari-

ty degree is based on Jiang’s and Resnik’s information theory-based methods [9, 16]
and defined as follows:

lC(l(vj))+1C(l(vk))—ZSim(l(vj),l(vk)) (1)
> .

NSSD (l(v,-), l(vk)) =1-
The IC value is calculated by considering negative log of the probability:

IC(c) = —log p(c). 2

where p(c) is the probability of having ¢ in a given corpus and c is a concept in
WordNet. The basic intuition behind the use of the negative likelihood is that the
more probable a concept is of appearing then the less information it coveys.

The function sim(cy, ¢,) is evaluated by using their subsumer S(c;, ¢;) of ¢4, ¢, as
follows:

sim(cy, €3) = MaXces(c,,c,)C(C). 3)

Definition 9: Path Semantic Similarity Degree (PSSD) — A path semantic similarity
degree is the ratio of summation of the average NSSD for each node vj in the path
expression pyjand the number of nodes in the path expression series. It can be written
in the equation below as:

Z;lzbl avg(NSSD))

np

PSSD(pyj,puc) = “4)
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where avg (NSSD;) is computed from:
T (NSSD(U(v)), L)
n, '

Definition 10: Matched Path Pair (MPP) — A matched path pair is from the maxi-
mum pair having the highest PSSD() value.

avg(NSSD;) = &)

MPP(pyj, i) = MAX;1<jen,1<ken, (PSSD(pyj, uxc))- (6)

Definition 11: Selected Path Pair — The selected path is the path expression having
MPP() value greater that a given threshold 6,

The values of PSSD are stored into a PathSim table. We use the SQL query to retrieve
the matched path pair as the Figure 11.

select base_docid, base_ppathid, base_pathid, target_docid, target_ppathid, target_pathid,
pathsim
from pathsim p,

select b_docid, b_ppathid, t_docid, t_ppathid, t_pathid, max(max_pathsim) as max_pathsim
from (
select p.base_docid as b_docid, p.base_ppathid as b_ppathid, p.base_pathid as b_pathid,
p-target_docid as t_docid, p.target_ppathid as t_ppathid, p.target_pathid as t_pathid,
max(p.pathsim) as max_pathsim
from pathsim p,(
select base_docid, base_ppathid, base_pathid, target docid, target_ppathid,
max(pathsim) as max_pathsim
from pathsim
group by base_docid, base_ppathid, base_pathid, target_docid, target_ppathid
) max --one to many relationship may occur
where p.base_docid = max.base_docid
and p.base_ppathid = max.base_ppathid
and p.base_pathid = max.base_pathid
and p.target_docid = max.target_docid
and p.target_ppathid = max.target_ppathid
and p.pathsim = max.max_pathsim
group by p.base_docid, p.base_ppathid, p.base_pathid, p.target_docid, p.target_ppathid,
p-target_pathid
)
group by b_docid, b_ppathid, t_docid, t_ppathid, t_pathid
)max -- one to one relationship
where p.base_docid = max.b_docid
and p.base_ppathid = max.b_ppathid
and p.target_docid = max.t_docid
and p.target_ppathid = max.t_ppathid
and p.target_pathid = max.t_pathid
and p.pathsim = max.max_pathsim
order by base_ppathid, target_ppathid

Fig. 11. SQL query for finding matched path pairs
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At this point, all path expressions at the leaf-node levels are evaluated and selected.
The selected paths from Definition 11 will be used to determine the content similarity
among the subtrees.

Example: Here we illustrate an example of selecting a path pair: let’s compare the
subtree rooted by <article> node and the subtree rooted by <proceedings> node in the
Figure 1. Table 1 shows the path expressions from both subtrees.

Table 1. Path expressions of the subtrees rooted by <article> and <proceedings>

Path expressions (py) Path expressions (p,)

in the subtree <article> in the subtree <proceedings>
Po1 = /article/title pu = /proceedings/booktitle
Pv2 = /article/initPage Pr = /proceedings/editor

Po3 = /article/endPage pi3 = /proceedings/title

Pos = /article/authors/author Pu = /proceedings/ISBN

We then distinct the node labels from both subtrees, which are <article>, <title>,
<initPage>, <endPage>, <authors>, <author> and <proceedings>, <booktitle>, <edi-
tor>, <title>, <ISBN>, in order to perform NSSD computation. The results of calculat-
ing NSSD are shown in Table 2. Note that <authors> is the plural form of <author>, so
we treat it as the same label.

Table 2. Results of Node Label Semantic Similarity Degree (NSSD)

LLLLL NSSD (1(v)), 1))

Lw)\l(v)) article title initPage endPage author
proceedings | 0.409435 0.385556 0.149673 0.281467 0.000000
booktitle 0.743695 0.840329 0.285693 0.441001 0.281880
editor 0.497065 0.503894 0.420978 0.5198375 0.587105
title 0.649263 1.000000 0.181844 0.282675 0.000000
ISBN 0.000000 0.000000 0.000000 0.000000 0.000000

PSSD for each pair of path expression is calculated. Here we illustrate how to
compute PSSD (ppq, Pr3):

NSSD(< article >, < proceedings >) + NSSD(< article >, < title >)

avg(NSSD1<artictes) = 2

= 0.529349
And

NSSD(< title >,< proceedings >) + NSSD(< title >,< title >)

avg(NSSD,crivies) = 2

= 0.692778
PSSD (pbl:ptS) — m’g(NSSD1<article>;+aUg(NSSD2<title>)

= 0.611064

The same calculation is processed for all pairs of path expressions. Table 3 shows
the results of all PSSD pairs and the selected path pair which is (py;, ps) or
(/article/title, /prBceedings/title). This selected path pair will be used in the content
similarity. It is possible that we can have more than one selected path pair.
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Table 3. Results of Matched Path Pair (MPP)

PSSD(py;, pixc) MPP(pyj, pi)
Pu P2 Pu P
Po1 0.594754 0.448988 0.611064 0.198748 0.611064
Po2 0.397124 0.369287 0.347553 0.139777 0.397124
Pw3 0.468900 0.426951 0.40571 0.172726 0.665629
Po4 0.358752 0.373401 0.264674 0.102358 0.373401
MPP(pyypu) | 0-594754 | 0.448988 | 0.611064 | 0.198748

Definition 12: Subtree Similarity based on Structure and Content — Each subtree
tpi(1 < i< kyp) is evaluated against the subtreest,j(1<j<k,) by comparing
PCDATA value (content approach) based on the selected path (structure approach) to
decide which subtree is the proper matched subtree pair (MSP).

This comparison based on content and structure can be done simply using loops but it
would take much more time if the number of subtrees is larger. Instead of loops, we
use a SQL query to retrieve subtree pairs which returns result much faster. The re-
sulted subtree pairs based on the same leaf node parent are intersected together in
order to find the best matched subtree pair satisfying the conditions, having the same
PC data content and similar structure. The algorithm of finding the matched subtree
pairs is presented in Figure 12.

Algorithm for Definition 12
Input: set of matched path expression pairs {(pp, p)}
Output: set of pairs of matched subtrees
//find matched subtree pair based on (pp, p;)
for each path expression pair (pp,, p;)
{
sp[] = Retrieve subtree pair (t,, t;) having the same PC data content on the similar path
expression of (py, p) }
// find matched subtree pairs based on 1,
for each v, in py,
{
for s; in sp([]
MSP = MSP n's; //MSP is a set of Matched Subtree Pairs
}

Fig. 12. Algorithm of retrieving matched subtree pairs

5 XML-SIM Experiment

In order to observe the efficiency and effectiveness of XML-SIM algorithm, we eva-
luate the algorithm by comparing it with the previous works, XDol’s and XDI-
CSSK’s algorithms, in terms of similarity detection, accuracy and execution time.
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5.1 Experimental Setup

We conduct experiments by using Intel Core 2 Duo CPU 2.20GHz with 4GB of RAM
running on Window XP Professional with Sun JDK 1.6.0_02 and Oracle Database
10g Standard Edition. We used available bibliography datasets, SIGMOD Record,
482 KB as the base document and three segmented documents of DBLP.xml, 700 KB
each as the target documents.

Table 4. Data set information and actual matched subtree pairs

Pair | Base XML document Target XML document Actual matched
(size KB) (size KB) subtrees pairs

#1 SigmodRecord (482) DBLP1 (679) 343

#2 SigmodRecord DBLP2 (688) 321

#3 SigmodRecord DBLP3 (717) 67

The actual matched subtree pairs are detected manually. These numbers are used to
determine the false positives in the similarity detection of each algorithm.

5.2 Experimental Results

In this section, we show the results of our experiments comparing the clustering me-
thods and evaluating two parameters: (1) execution time and (2) accuracy of similari-
ty detection.

5.2.1 Evaluation on Clustering Method

To verify the effectiveness of clustering XML documents into subtrees, we show the
clustering points and the number of clustered subtrees for each algorithm. In XDol,
SigmodRecord is clustered into three different levels, <issue>, <article>, <authors> as
the clustering method applies leaf-node parents directly without any filters. XDI-
CSSK and XML-SIM employ the same concept using leaf-node parents and filter the
clustered subtrees using instance statistics and information from the key-matching.
For the fragmented DBLP documents, there is no difference among these three ap-
proaches because the structure of DBLP document is shallow and has only one level
defined as the clustering point. The results of clustering points and the number of
clustered subtrees are shown in Table 5 (a and b).

Table 5. (a) The number of clustered subtrees based on the clustering points in
SigmodRecord.xml

Clustering points Number of
clustered subtrees

6
XDol #/SigmodRecord#/issue 67
#/SigmodRecord#/issue#/articles#/article 1504
#/SigmodRecord#/issue#/articles#/article#/authors 1504
XDI-CSSK | #/SigmodRecord#/issue#/articles#/article 1504

XML-SIM #/SigmodRecord#/issue#/articles#/article 1504
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Table 5. (continued)

(b) The number of clustered subtrees based on the clustering points in DBLP1, DBLP2 and
DBLP3

Clustering points in XDol, XDI-CSSK, XML-SIM Number of
clustered subtrees
DBLP1 #/dblp#/inproceedings 769
DBLP2 #/dblp#/inproceedings 803
#/dblp#/proceedings 2
DBLP3 #/dblp#/inproceedings 1421
#/dblp#/proceedings 17

5.2.2 Evaluation of Execution Time

Here, we evaluated the performance of the experiments in terms of how fast each
algorithm is to find matching subtrees on each document pair. We ran the experiments
using 6 = 0.5 as a user defined threshold value. The threshold in XDol and XDI-
CSSK is used to measure the content similarity but in XDI-SIM it is used to evaluate
the structural similarity.

Overall Execution Time of XDol, XDI-CSSK and XML-
SIM
1000000.00 *Qi
S 100000.00 [p—
:wa, 10000.00
E 1000.00
= 100.00
10.00
1.00
Ist pair 2nd pair 3rd pair
—— XDol-0.5 275487.53 301890.62 906474.83
—8— XDI-CSSK-0.5 192615.42 218177.40 369877.67
XML-SIM-0.5 1465.88 1398.70 1933.35

Fig. 13. Overall execution time in XDol, XDI-CSSK and XML-SIM

Figure 13 shows the execution time of each approach in a logarithmic scale base
10; it depicts that XDI-CSSK performs better than XDol since XDI-CSSK eliminates
improper subtrees using the results from key-matching. In addition, XML-SIM dra-
matically outperforms both approaches. This means that the structure comparison in
the early stage helps the system detect the subtree similarity faster. Note that the simi-
larity computation on the 3™ pair takes much more time than others because the num-
ber of subtrees in the 3™ pair is higher than both pairs.
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True Positive (TP) and False Positive (FP)

~
L 100 .
® 0 —%
L 80
s 70 =%
=1 60
= 50
S W
- 30
g
5] 10
[=] 0
1st pair 2nd pair 3nd pair
—&— TP(XDol&XDI-CSSK) 93.90581717 95.53571429 72.04301075
—&— TP (XML-SIM) 100 100 100
FP(XDol&XDI-CSSK) 6.094182825 4.464285714 27.95698925
—— FP (XML-SIM) 0 0 0
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Fig. 14. Detection rate on subtree matching

5.2.3 Evaluation of Similarity Detection

Here, we evaluated the effectiveness of our our approach by determining false posi-
tives and true positives. A false positive value reflects the ratio of the number of in-
correctly detected matched-subtrees and the number of actual matched subtrees and a
true positive value reflects the ratio of the number of correct matched subtrees and the
number of actual matched subtrees. It shows that XML-SIM outperforms XDI-CSSK
[18] and XDol [17] as it has no false positive for the three pairs of the documents as
shown in Figurel4. This is because we detect the semantic structural similarity at an
early stage of the similarity comparison. The results from the selected path pair can
also identify the similar matching structure in the other document.

6 Conclusions and Future Work

This paper presents an improved algorithm called XML-SIM based on our previous
works XDol and XDI-CSSK to detect the XML semantic similarity based on structure
and content. The main improvement of this approach over others is that the content
similarity is determined based on first finding the semantic-based structural similarity
using semantics. This algorithm as shown by experimental evaluations outperforms
XDol and XDI-CSSK approaches in terms execution time as well as false positive
rates. We aim to extend our current work to find the similarity among multiple ver-
sions of XML documents.
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