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Data integration for distributed and heterogeneous XML data sources is still an 

open challenging, and XML DTD matching is crucial task in this process. A considerable 

amount of algorithms for comparing XML DTDs have been proposed in the literature. 

Yet, the existing approaches fall short in ability to identify semantic similarities in fuzzy 

XML DTDs. To fill this gap, in this paper, we provide an approach to cope with semantic 

similarities in the fuzzy XML DTDs. The present paper makes two major contributions. 

First, we propose a novel fuzzy XML DTD tree model to represent fuzzy XML DTD. 

Second, based on the proposed tree model, we present an effective algorithm based on 

Extreme Learning Machine (ELM) to synthesize the semantic similarities between fuzzy 

XML DTDs. The corresponding computational experimental results demonstrate that our 

proposed approach has a prominent high performance. 

 

Keywords: Data integration; Fuzzy XML; Semantic similarity; Extreme Learning Ma-

chine (ELM). 

 

 

1. INTRODUCTION 
 

With the development of the Internet, the management of data available on the In-

ternet becomes ever more significant. XML (Extensible Markup Language) has become a 

de-facto standard for representing and manipulating rapidly increasing amount of Web 

data in numerous applications, for example, data description and storage, information 

interchange, and so on. As the number of applications that utilize heterogeneous and dis-

tributed data source grows, the importance of XML data integration mechanisms in-

creases greatly [4, 44].  Due to a valid XML data is one that has a XML Document Type 

Definitions (DTD) and conforms to it. It was natural that there is a growing demand in 

the research of XML DTD matching before XML data integration. In the case of meas-

uring the similarity of two XML DTDs, we consider the problem of similarity of two sets 

of regular expressions, typically called a XML DTD matching problem. XML DTD 

matching takes two XML DTDs as input and produces a mapping between elements of 

the two XML DTDs that correspond semantically to each other. XML DTD matching 

plays a critical role in XML data integration. Various systems and approaches have been 

designed to perform XML DTD matching automatically [29, 37, 6, 5, 25, 40, 52]. The 

majority of the approaches exploit functions which evaluate similarity of a particular 

feature of the given XML DTDs, such as similarity of labels [29, 37, 6], similarity of 
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context [5, 25] or similarity of paths [37, 40].  

Previous similarity measuring methods of XML DTDs assume that data is deter-

ministic. In fact, in many domains, fuzzy information is often included in some practical 

applications. It is therefore difficult to denote all information with crisp data. Some data 

are inherently vague rather than definite since their values are subjective in real-world 

applications. There have a few efforts in the area of fuzzy XML data processing. Some 

simple model for representing and querying XML with fuzzy information are proposed in 

[31, 2, 12]. With the increasing of fuzzy XML data on the Web, it is necessary to provide 

a suitable method for comparing and measuring similarity of fuzzy XML DTDs and then 

to integrate multiple fuzzy XML DTDs to a single one. Although XML DTD matching 

has been extensively investigated, the proposed approaches cannot be applied to process 

fuzzy XML DTDs matching due to the lack of an effective fuzzy XML DTD model. To 

our best knowledge, so far, there are not any reports discussing the similarity measure of 

the fuzzy XML DTDs. This motivate us to fill this gap.  

Concentrating on the similarity comparison of heterogeneous fuzzy XML DTDs 

which are collected from different data sources, this paper devotes to develop an inte-

grate approach to support the identification of semantic similarity measure in the fuzzy 

XML DTDs. For this purpose, we take a first step in construction of a new fuzzy XML 

DTD tree model, which makes it easier to describe fuzzy data and capture the feature 

information in fuzzy XML DTDs. We identify the corresponding feature information (i.e., 

element/attribute labels) in tree nodes and then decide the similarity of nodes come from 

discrete fuzzy XML DTD trees. Based on the proposed fuzzy XML DTD tree model, we 

develop an effective algorithm based on Extreme Learning Machine (ELM) to synthesize 

the individual similarity measure between fuzzy XML DTD tree nodes. Here the 

ELM-based algorithm is a kind of fuzzy XML clustering algorithms, which is catego-

rized as fuzzy web mining. The issues of fuzzy web mining mainly include web usage 

mining (e.g., [21, 43]), clustering for web document classification (e.g., [19, 26]), domain 

ontology mining (e.g., [32, 12]) and so on. A comprehensive survey on fuzzy web min-

ing is given in [9, 47]. Actually many useful techniques for fuzzy data mining have been 

proposed in the literature, including fuzzy frequent itemsets mining (e..g, [[]]), fuzzy 

rules mining (e..g, [11]) and genetic-fuzzy data mining (e..g, [48]). A recent review on 

fuzzy data mining techniques can be found in [47]. 

Being a machine learning approach, ELM is invented for classification, regression 

and so on [45, 30]. In particular, ELM has been applied in XML documents classification 

[52] and even in probabilistic XML documents classification [53]. But this paper is the 

first effort to apply ELM in the semantic similarity measure of fuzzy XML DTDs. In 

addition, the fuzzy XML DTD tree proposed in the paper is different from the common 

fuzzy XML DTD tree model given in [56]. The major difference is that the common 

fuzzy XML DTD tree model directly comes from the corresponding fuzzy XML DTD 

and thereby contains redundant nodes; the fuzzy XML DTD tree proposed in the paper is 

a kind of simplified fuzzy XML DTD tree model, which removes the redundant nodes so 

that the complexity of similarity comparison can be reduced. To sum up, the main con-

tributions of this paper include: (1) a novel fuzzy XML DTD tree model is proposed, 

which can concisely represent the feature information in fuzzy XML DTDs; (2) an 

ELM-based algorithm is developed to synthesize semantic similarities by combining 

multiple individual similarities of fuzzy XML DTDs tree nodes. In addition, the perfor-
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mance evaluations of the proposed algorithm are demonstrated on different data sets in 

terms of fuzzy XML DTDs size, matching effectiveness and efficiency. The experi-

mental results validate our approach and show the practicability of our matching algo-

rithm. 

The rest of the paper is organized as follows. After a presentation of fuzzy XML 

DTD tree model in Section 2, we introduce Extreme Learning Machine in Section 3. The 

semantic similarity measure approach in the fuzzy XML DTD based on ELM is proposed 

in Section 4. Experimental evaluations are given in Section 5, and Section 6 concludes 

this paper. 

2. Representation Model of Fuzzy XML DTD 

2.1 Fuzzy XML DTD 

 

A fuzzy XML DTD serves as a grammar for a fuzzy XML document, determining 

its internal structure. A fuzzy XML DTD is a structure composed of a set of elements and 

attributes, linked together via the containment relation. It identifies element/ attribute 

structural positions, data-types, and constraint operators, which describe constraints on 

the repeatability of elements/ attributes. In addition, in order to represent fuzzy infor-

mation in fuzzy XML data, a representation model based on “membership degree and 

possibility distributions” is developed in [56, 35]. In this model, an element may be in-

volved in a membership degree. The membership degree of an element indicates the pos-

sibility of being its parent’s child element. The attribute values of elements may be pre-

sented as possibility distributions in this representation model. Note that it is possible that 

some attributes can take multiple (conjunctive) values. In contrast, some attributes can 

only take unique (disjunctive) value. That is to say, we have two kinds of fuzziness in the 

fuzzy XML data: one is the fuzziness in elements associated with membership degrees; 

another is the fuzziness in attribute values of elements represented with possibility dis-

tributions. The Type attribute as a child of element Dist is used to indicate the type of 

possibility distribution, having values of disjunctive or conjunctive. In addition, each Dist 

element has a Val element as its child. The Poss attribute as child of element VAL indi-

cates the membership degrees of a given element. 

Here we do not present the detailed definitions of fuzzy XML DTD representation 

model and only give an example fragment of fuzzy XML DTD shown in Fig. 1. One can 

refer to [56, 35] for more details. 

 

1.         <!ELEMENT College (Val+)> 

2.         <!ATTLIST College Cname  IDREF #REQUIRED> 

3.         <!ELEMENT Val (Department*)> 

4.         <!ATTLIST Val Poss CDATA “1.0”> 

5.         <!ELEMENT Department (Teacher*, Student*)> 

6.         <!ATTLIST Department Dname IDREF #REQUIRED> 

7.         <!ELEMENT Teacher (Dist)> 

8.         <!ATTLIST Teacher TID IDREF #REQUIRED> 

9.         <!ELEMENT Dist (Val+)> 
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10.        <!ATTLIST Dist Type (disjunctive)> 

11.        <!ELEMENT Val (Tname?, Title?)> 

12.        <!ATTLIST Val Poss CDATA “1.0”> 

13.        <!ELEMENT Student (Age?, (Email|Phone)?)> 

14.        <!ATTLIST Student Sid IDREF #REQUIRED> 

15.        <!ELEMENT Age (Dist)> 

16.        <!ELEMENT Dist (Val+)> 

17.        <!ATTLIST Dist Type (disjunctive)> 

18.        <!ELEMENT Email (Dist)> 

19.        <!ELEMENT Dist (Val+)> 

20.        <!ATTLIST Dist Type (conjunctive)> 

21.        <!ELEMENT Phone (Dist)> 

22.        <!ELEMENT Dist (Val+)> 

23.        <!ATTLIST Dist Type (conjunctive)> 

24.        <!ELEMENT Val (#PCDATA)> 

25.        <!ATTLIST Val Poss CDATA “1.0”>           

 

Fig. 1. A fragment of fuzzy XML DTD 

 

In the fuzzy XML DTD shown in Fig. 1, Poss is adopted together with a fuzzy con-

struct denoted by Val to specify the possibility of a given element department in the 

fuzzy XML DTD in lines 3-4. Another fuzzy construct called Dist can be utilized to ex-

press possibility distribution of attribute values of elements. Since we have two types of 

possibility distribution, Type is adopted to indicate the type of possibility distribution, 

being disjunctive or conjunctive. Consider the disjunctive Dist construction in lines 7-10, 

which express the multiple possible statuses for the teacher. Lines 15-17 are the disjunc-

tive Dist construct for the age of the student. Lines 18-23 are the conjunctive Dist con-

struct for the email or phone of the student. A Dist element may have multiple Val ele-

ments as children. Each Val has an associated Poss as a child node. 

 

2.2 Fuzzy XML DTD tree model 

 

Our objective is to offer a useful method to captures semantic similarity of fuzzy 

XML DTDs. For this purpose, we need first to establish a suitable model and then com-

pare fuzzy XML DTDs based on this model. XML DTDs are presented as ordered la-

beled trees in most existing XML DTD comparison approaches in [29, 37, 6, 5]. In this 

ordered labeled tree, the nodes represent elements/attributes and are labeled with the 

corresponding element/attribute label names, which are ordered following their orders of 

appearance. 

Generally speaking, a fuzzy XML DTD which represents hierarchically structured 

information also can be presented as a rooted ordered labeled tree. But the fuzzy XML 

DTD is clearly different from the crisp XML DTD because the fuzzy XML DTD con-

tains several special fuzzy construction, which is attribute Poss and Type, in addition to 

element VAL and Dist. 

In order to reduce the complexity of the similarity comparison, the redundant ele-

ments/attributes are deleted and the pertinent information of the elements/attributes is 
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encapsulated in the node of the fuzzy XML DTD tree. We adopt the following considera-

tions in order to reach such a goal. 

We note that Type always appears as the first child attribute of the Dist and Poss 

always appears as the first child attribute of the VAL. They are considered redundant data 

and increase the computational complexity. Therefore all of Type and Poss attribute are 

no longer reserved when a fuzzy XML DTD is mapped into a fuzzy DTD tree. But Type 

values (conjunctive/disjunctive) are remained because they need to be considered while 

calculating the nodes similarity degree (cf. Section 4.1). So we need to copy Type values 

into its sibling (element/attribute) nodes in processing of transformation. Similarly, we 

can disregard the Val and Dist elements if it is not affecting the tree structure and the 

depth of the other node. 

Based on the discussion above, in order to improve the efficiency of comparison, we 

present a new Fuzzy XML DTD Tree model (FXDT for short). It is defined as follows. 

Definition 1 (Fuzzy XML DTD tree). Formally, we model a fuzzy XML DTD as a 

rooted ordered labeled tree FXDT = {N, E, L, T, FT, CC, AC}. Here 

 N is the set of nodes in tree FXDT. 

 E is the set of edges, which reflect the hierarchical structure of the tree FXDT. 

 L is the set of labels of the elements and attributes corresponding to the nodes   

in N. 

 T is the set of data types, including the basic element data types and attribute 

data types. 

 FT is the set of fuzzy data types of nodes N. 

 CC is the set of cardinality constraints associated with the elements and attrib-

utes of FXDT (‘?’, ‘*’, ‘+’ and Null). 

 AC is the set of alternative constraints associated with the elements and attrib-

utes of FXDT (‘,’, ‘|’). 

We need to hold related information of elements/attributes (e.g. label, constraint, the 

fuzzy value) for computing of the similarity (cf. Section 4.1) when the fuzzy XML DTD 

is transformed into the fuzzy XML DTD tree model (FXDT) we propose. Hence, fol-

lowing our tree representation model, a fuzzy XML DTD tree node is modeled as fol-

lows: 

Definition 2 (Fuzzy XML DTD tree node). A node nN of FXDT is represented by 

a sextuplet n = {NodeLabel, NodeDepth, NodeDataType, NodeFuzzyType, 

NodeCardConstraint, NodeAlterConstraint }. Here 

 NodeLabelL is the label name of the node. 

 NodeDepth is the nesting depth of the node in the fuzzy XML DTD. The depth 

of the root node is defined to be 1. If the parent of node n is at depth d, then the 

depth of node n is d + 1. 

 NodeDataTypeT is data-types. It may be “#PCDATA”, “String”, “Decimal”, 

and so on. 

 NodeFuzzyTypeFT denotes the type of possibility distribution, disjunctive or 

conjunctive distributions. For a crisp node, its value is equal to Null. 

 NodeCardConstraintCC is the cardinality constraints of the node. 

 NodeAlterConstraintAC is the alternative constraints of the node. 

To sum up, FXDT is a rooted ordered tree, in which the nodes represent the fuzzy 

XML elements/attributes. Nodes are ordered following their order of appearance in the 

fuzzy XML DTD. And FXDT representation model that we propose here considers the 
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most common characteristics (e.g., label, data-type, constraint, and the fuzzy values) of 

fuzzy XML DTDs. 

After the fuzzy XML DTD mentioned in Section 2.1 is converted into the FXDT 

tree model in this way, we can measure the individual similarity of nodes and apply the 

approach based on ELM to synthesize the semantic similarities of nodes represented with 

the proposed FXDT tree model. Fig. 2 shows a FXDT tree instance that basically comes 

from the corresponding fragment of a fuzzy XML DTD is described in Fig. 1.Without 

loss of generality, in the following, we use “node” which means “element node” or “at-

tribute node”. 

 

 
1College Null Null

2Cname Null Null 2Val Null +

3CDepartment Null *

4CTeacher Null *4Dname Null Null 4Student Null *

5CTid Null Null

5Dist Null Null

6CVal disjunctive +

7Tname disjunctive ?

7Title disjunctive ?

5CSid Null Null

5CEmail Null ?5CAge Null ?

6Dist Null Null

7Val disjunctive +

6CDist Null Null

7Val conjunctive +

NullIDREF

Null Null

PCDATA

CDATA

PCDATA

PCDATA

Null

Null

IDREF Null , ,NullNull

Null

IDREF Null

Null Null

IDREF Null

Null Null ,|,

Null

Null

,

,

Null Null

Null NullNull

Null

Null

5CPhone Null ?

6CDist Null Null

7Val conjunctive +PCDATA

Null ,|

Null Null

Null  

Fig. 2. A FXDT tree corresponding to the fuzzy XML DTD in Fig. 1. 

3. EXTREME LEARNING MACHINE (ELM) 

The Extreme Learning Machine (ELM) model was originally proposed in [18] and 

developed in [17], which implements a single-hidden layer feed forward neural network 

(SLFN) with N mapping neurons. The biggest advantage of ELM is that it can provide 

extremely fast learning speed and good generalization performance compared with the 

traditional neural network. The essence of ELM is that the network's hidden layer 

weights and bias values can be randomly initialized and the output weights can be calcu-

lated by matrix operations without iteratively tuning. 

Consider N arbitrary samples (xi, ti)  R
n×m

. Then ELM is modeled as 

 

1

( )
L

i i j i j

i

g W x b o


    ( j = 1, …, N)                         (1) 

 

Here L is the number of hidden layer nodes, g(.) is activation function, Wi is the weight 
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vector between the i-th hidden node and the input nodes, i is the weight vector between 

the i-th hidden node and the output nodes, and bi is the bias of the i-th hidden node. 

Learning goal of ELM tends to reach the smallest training error. That is  

1

0
L

j j

j

o t


  and  

oj is the actual output value of the SLFN. There must exist Wi, i, bi such that 

 

1

( )
L

i i j i j

i

g W x b t


    (j = 1, …, N)                    (2) 

 

The equation above can be expressed compactly as follows: 

 

H = T                        (3) 

 

Here 
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Training of a single hidden layer neural network is equivalent to simply finding the 

least-squares solution of the linear system. The output weight  is calculated as 

 

 = H
†
T                        (4) 

 

Here H
†
= (H

T
H)

-1
H

T 
is the Moore–Penrose generalized inverse of matrix H. 

Note that fast and accurate predictions are allowed in ELM. After the calculation of 

the network output weights , the response of the corresponding to a new data points 

(vector xt) can be predicted by 

 

ot =  h(xt)                       (5) 

 

Here h(xt) = [g(W1xt+b1),…,g(WLxt+bL)]
T
 is the network hidden layer output for xt. 

4. SEMANTIC SIMILARITY MEASURE OF FUZZY XML DTDS 
USING ELM 
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Semantic similarity measure in the fuzzy XML DTDs can be viewed as detecting 

the similarity matching of fuzzy XML DTD trees. So how to calculate similarity match-

ing of the fuzzy XML DTD trees is a key task. To match the fuzzy XML DTD trees, 

firstly, we need to synthesize semantic similarity of nodes by utilizing ELM and to find 

out the similar nodes being compared from the fuzzy XML DTD trees, and then to cal-

culate the similarity of the fuzzy XML DTDs according to the number of matching nodes. 

In other words, we need to first identify the similarity of nodes before comparing the 

similarity of fuzzy XML DTD trees. Our approach consists of the following several 

parts. 

 Computing the individual similarity of nodes 

 Synthesizing node similarity using ELM  

 Computing the similarity of fuzzy DTDs 

In this section, we detail each of these parts and give the corresponding algorithms. 

 

4.1 Node similarity measures 

 
Given a fuzzy XML DTD tree, a node is a fundamental data item for the similarity 

measures. A node may be an element or attribute one. We use SimNode (N1, N2) to repre-

sent the similarity degree of two nodes N1 and N2, where come from different fuzzy XML 

DTDs. SimNode (N1, N2) = 0 means strong dissimilarity between N1 and N2, while SimNode 

(N1, N2) = 1 means N1 and N2 are exactly the same. 

To accurately assess the similarity between node-pairs, a similarity measure should 

exploit the features of nodes as well as their relationships. The characteristics associated 

with each node in a fuzzy XML DTD tree are called the node features. NodeLabel, 

NodeDepth, NodeDataType are the most commonly used features for elements/ attributes. 

Consequently, these features are commonly used for the similarity measure of two nodes. 

That is to say, the node similarity measures exploit their own features value to compare 

with nodes from different fuzzy XML DTD trees. According to the different exploited 

features, some of the commonly used similarity measures were proposed. 

 Label name similarity measure 

The label name (NodeLabel) is important for node matching. Label similarity 

measures take the advantage of the strings representation of label names to deal with the 

similarity of two nodes. There are many commonly used methods to compare strings, for 

example, the Jaro similarity measure [51]. Here we adopt Lin’s similarity measure 

method in [15] based on the edit distance. The Lin’s similarity measure between two 

strings is given by the minimum cost of operations needed to transform one string into 

the other, where an operation is an insertion, deletion, or substitution of a single character. 

To compute the similarity degree between the nodes based on values of NodeLabel L1 

and L2, the following formula is used: 

 

SimLabel (N1, N2) = 1/(1+editDistance(L1, L2))            (6) 

 

Here editDistance (L1, L2) is the minimum number of character insertion, deletion, and 

substitution operations that is needed to transform L1 to L2. Each edit operation is as-

signed a unit cost. The similarity value given by the Lin’s similarity formula is in [0, 1], 

with zero value denoting a dissimilarity and 1 denoting a total similarity. 
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 Depth similarity measure 

Sometimes it is insufficient that the node label name is considered an only vital 

source for determining the node similarity. The depth of a node is also a feature must be 

considered.  

Depth similarity measure has been proposed to assess the depth of nodes and their 

nearest common ancestor node. The similarity of two nodes is defined by how closely 

they are in the hierarchy and it can be calculated using the following equation: 

 

SimDepth (N1, N2) = (d01+d02)/(d1+d2)               (7) 

 

Here d1 and d2 are the depth of N1 and N2 in local fuzzy XML DTD tree. N0 is the most 

specific common ancestor of N1and N2, and d01 and d02 is the depth of N0 in the fuzzy 

XML DTD tree respectively. 

 Data type similarity measure  

The node data type is another information source that makes a contribution in de-

termining the node similarity [1]. Nodes having the same data types or belonging to the 

same data type category have the possibility to be similar and their data type similarity 

measure (SimDataType) is high. Table 1 illustrates that nodes having the same data types, 

the data type similarity is set to 1.0, while the data type similarity of nodes having dif-

ferent data types but belonging to the same category is set to 0.5. 

 
Table 1. Data type similarity table. 

Type1 Type2 SimDataType 

#PCDATA #PCDATA 1.0 

CDATA CDATA 1.0 

#PCDATA CDATA 0.5 

CDATA NMTOKEN 0.8 

ID IDREF 0.9 

… … … 

 

 Fuzzy type similarity measure   

The node values of NodeFuzzyType are necessary feature information that contrib-

utes to determining the node similarity. Note that the NodeFuzzyType value of a node in a 

fuzzy XML DTD tree is of either disjunctive or conjunctive. So we distinguish the 

NodeFuzzyType similarity between them, i.e. the possibility that two disjunctive (or con-

junctive) nodes come from two different fuzzy XML DTD trees are similar is higher than 

that one disjunctive (conjunctive) node and one conjunctive (disjunctive) are similar. 

Fuzzy type similarity is represented as SimFuzzyType (N1, N2). Nodes having the same 

NodeFuzzyType value have the possibility to be similar and their fuzzy type similarity is 

set to be 1, while the fuzzy type similarity of the nodes having different NodeFuzzyType 

value is set to be 0.5. It can be shown in following formula. 

 

 

SimFuzzyType (N1, N2) = 
1 2

1 2

1

0.5

if T T

if T T






                      (8) 
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 Cardinality constraints similarity measure 

Another available feature of the node that makes a contribution to assessing the 

node similarity is its cardinality constraint [29]. Nodes having the same cardinality con-

straints have the more high possibility similarity measure. We denote the cardinality con-

straint similarity of two nodes as SimCardConstraint (N1, N2), which can be determined from 

the table of cardinality constraints similarity (Table 2). 

 
Table 2. Cardinality constraints similarity table. 

 * + ? NULL 

* 1.0 0.9 0.8 0.5 

+ 0.9 1.0 0.8 0.7 

? 0.8 0.8 1.0 0.8 

NULL 0.5 0.7 0.8 1.0 

 

 Alternative constraints similarity measure 

Alternativeness constraint operators specify a node’s disposition with regard to its 

parent and siblings [29]. For instance, in declaration ((a | b), c), Alternative constraints‘, |’ 

is associated with both elements a and b, while Alternative constraints ‘,’ is associated 

with element c. We denote the Alternative constraint similarity of two nodes as 

SimAlterConstraint (N1, N2), which can be determined from the table of alternative constraints 

similarity (Table 3). 

 
Table 3. Alternative constraints similarity table 

 , | ,| |, … 

, 1.0 0 0.8 0.5 … 

| 0 1.0 0.5 0.8 … 

,| 0.8 0.5 1.0 0 … 

|, 0.5 0.8 0 1.0 … 

… … … … … … 

 

There are a lot of node similarity measure approaches [28, 39, 42] and we simply 

sign corresponding individual similarity measure which is calculated by those approaches 

as S1, S2, …, SN. It is clear that each individual similarity measure of node exploits a 

specific feature of the node. But assessing the similarity between nodes using an indi-

vidual similarity measure is not sufficient. Therefore, it is necessary to consider a variety 

of node features along with a variety of measures to assess the similarity. This mul-

ti-measure nature is potent in that it makes a matching system highly flexible and adapt-

able to a particular application domain. However, it results in considerable challenges on 

how to combine these measures [23]. Without a proper means of combining, the node 

similarity measures fail to produce correct correspondences across elements. In general, 

with regard to the purpose of the similarity measure, all the individual results are then 

combined into the resulting similarity value, usually using a kind of weighted sum [29]. 

To get node semantic similarity value between pairs of nodes, in the next section, we 

present strategies of combining individual similarity measures values resulted from dif-
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ferent features similarity measures. 

 

4.2 Synthesizing node similarity using ELM 

 
Target of this paper is that designs a matching framework based on semantic simi-

larity between two fuzzy XML DTDs. Two fuzzy XML DTDs, which are collected from 

different data sources, can have similar elements/ attributes. To get the similarity of 

fuzzy XML DTDs, firstly, we have to measure the similarity of nodes in fuzzy XML 

DTD trees. A detailed introduction to various node similarity measurement methods has 

been done in Section 4.1. But single measurement method is biased and partial. These 

similarity measure value need to be integrated. In some previous studies [29, 1], the 

method based on weight is commonly used. Duo to the allocation of weight is provided 

by the human expert, so that the ultimate integration value may be a relatively large de-

viation. So，in this section, we introduce a synthesizing similarity measure approach 

using ELM with regard to the similarity integration. Specifically, it presents an integrated 

similarity measure approach between nodes(elements/ attributes) come from different 

fuzzy XML DTD trees based on ELM, which judges the latent semantic similarity. More 

accurate results can be obtained comparing with those approaches based on weight given 

by a human expert mentioned in research [1]. 

Node matching is to look for similar nodes come from different fuzzy XML DTD 

trees. That is to say, node matching is a process of measuring similarity among nodes and 

then selecting the most plausible nodes based on the similarity measure. In this perspec-

tive, the node matching procedure is as follows: 

Step 1: It is needed to extract features of nodes (e.g., label or depth) coming from 

two different fuzzy XML DTD trees, and represent them in an internal format can be 

applied to individual similarity measure like mentioned in Section 2.2. 

Step 2: It is needed to compute individual similarity measures value respectively 

like mentioned in Section 4.1. 

Step 3: It is needed to synthesize the individual similarity measures using ELM. 

This synthesis can be viewed as a prediction. 

In Step 3, we need to synthesize various similarity measures (cf. Section 4.1) values 

to a single semantic similarity value. The ELM model of synthesizing various similarity 

measures in node matching is depicted in Fig. 3. Nodei and Nodej are node-pairs come 

from different fuzzy XML DTDs trees(FDXTp, FDXTq) respectively. S1, S2, …, Sn are 

individual similarity measures values. 

The processing which synthesizes various similarity measures using ELM is divided 

into two phases, namely, training phase and prediction phase. In order to obtain reliable 

training data and to construct a robust prediction model, the training phase supports the 

prediction-phase by providing a supervised learning that predicts semantic similarity 

from various measures. On the other hand, the prediction-phase is semantic similarity 

computing of node-pairs. 
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Fig. 3. ELM-based similarity synthesis 

 

This prediction model based on ELM is built to map the relationship between the 

input variables (various similarity measures values) and output variables (semantic simi-

larity value) with the sampling data. The processing of sampling is presented as follows. 

At first, randomly selecting a number of node-pairs(nodei, nodej) from different fuzzy 

XML DTD trees (FDXTp, FDXTq) to be used as a training data set. Secondly, compute 

individual similarity measures value S1, S2, … , Sn between two nodes of node-pairs 

using the approach mentioned in section 4.1 respectively. It is an input variable. Thirdly, 

label samples by human experts to determine semantic similarity measure between the 

two nodes. It is an output variable. 

The use of the ELM model dramatically reduces the time required for building a 

prediction model. A similarity synthesizing algorithm based on ELM described in above 

is presented as follows. 

 

Algorithm 1   SimNode 

Input:  Node1, Node2                //node-pairs of different fuzzy XML DTD trees  

Output: SimNodeValue           //node similarity measure value 

Begin  

1 Node Feature extracting; 

2 Compute individual similarity measure values S1, S2, …, Sn, respectively; 

3 Training ELM for calculate β= H
†
T; 

4 Calculate output  SimNodeValue = H; 

5 Return  SimNodeValue 
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First, the feature value of each node in the fuzzy XML document tree is extracted 

(with several linguistic terms) based on the FXDT model in Section 2.2 (Line 1). Then 

individual similarity measure values S1, S2, … , Sn between two nodes of node-pairs are 

computed using the approach proposed in Section 4.1, respectively (Line 2). After ob-

taining enough node-pairs training sample, the value of β can be calculated by training 

ELM (Line 3). At last, the semantic similarity of node-pairs is calculated (Line 4). In the 

semantic similarities computation process of tree nodes, ELM algorithm is used to con-

struct the prediction model in order to map the relationship between the various similari-

ty measures values and semantic similarity value. This approach can thus speed up the 

later synthesizing process compared to the common similarity combining approach.  

 

4.3 Fuzzy XML DTD similarity measure 

 
Given a set of fuzzy XML DTDs FD = {FDTD1, FDTD2, …, FDTDN}, we compute 

the similarity of their corresponding FXDT trees. For any two FXDTs, we sum up the 

number of all match pairs of nodes which similarity values are bigger than a given 

threshold (), and normalize the result. Algorithm 2 gives the algorithm to compute the 

similarity matrix of a set of fuzzy XML DTDs. 

 

Algorithm 2   FDTDSimilarity 

Input:  FD={FDXT1,…,FDXTN}         //fuzzy XML DTD trees set 

Output: FDSimMatrix            //FDTD similarity matrix FDSimMatrix  

Begin  

1 For (p = 1 to N-1)  

2 { 

3   For (q=p+1 toN)  

4   { 

5     For each node nodepiFDXTp , nodeqj FDXTq                                                       

6     { 

7      if (SimNode (nodepi , nodeqj) )      

8      NumSimNodepq= NumSimNodepq+1;  //number of similarity node NumSimNodepq 

9    }  

10     FDSimMatrixpq = NumSimNodepq /min (|FDXTp|, |FDXTq|) 

11   } 

12 } 

13 Return FDSimMatrix  

 

The FDTDSimilarity algorithm is a fuzzy XML DTDs clustering algorithm. In this 

algorithm, we select any of the two fuzzy XML DTDs in the fuzzy XML DTDs set FD 

(Lines 1–4), traveling each node in the two fuzzy XML DTDs (Lines 5–6) and compu-

ting node similarities (Line 7). If the similarity degree of any two nodes is greater than a 

given threshold (say ), the number of similar nodes adds 1 (Lines 8-9). Finally a simi-

larity matrix that represents the semantic similarity values between all nodes is obtained 

(Line 10). After we obtain the fuzzy XML DTDs similarity matrix, clustering of fuzzy 

XML DTDs can be carried out. Fuzzy XML DTDs from the same application domain 

tend to be clustered together and form different clusters. The integration process of such 
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fuzzy XML DTDs within each cluster will become easier in the future. 

5. EXPERIMENTAL EVALUATIONS 

To evaluate the effectiveness of our approach for fuzzy XML DTDs matching, we 

present experiments conducted to compare the performance of the proposed approaches 

and report the results. We present the similarity measures evaluation criteria adopted in 

our experimental evaluation process in Section 5.1. Section 5.2 details our matching ex-

periments results and performance analysis. 

 

5.1 Evaluation metrics 

 
There are two main performances that should be considered with regard to the 

matching process: matching effectiveness and matching efficiency. 

First let us look at the effectiveness measures. Owing to the proficient use of prede-

cessors, we make use of the precision and recall metrics defined in [46], to evaluate the 

effectiveness of our approach. Following Dalamagas et al. [46], it is needed to define 

some terms that are used in computing match effectiveness as follows. 

 A is the number of fuzzy XML DTDs that are the correct matches and correctly 

identified by the system. 

 B is the number of fuzzy XML DTDs that are the false matches but identified by 

the system. 

 C is the number of fuzzy XML DTDs that should have been matches but not 

identified by the system. 

Precision (P for short) determines the degree of correctness of the match result, 

which is defined as the number of correctly matching divided by the total number of 

identified matches. 

 

P = A/(A+B)                      (9) 

 

Recall (R for short) assesses the degree of completeness of the matching system, 

which is measured as the number of correctly matching divided as the number of correct 

matches in fuzzy XML DTDs. 

 

R = A/(A+C)                      (10) 

 

F-measure is the weighted harmonic mean of precision and recall. If an application 

requires stringent matches, it is necessary to obtain higher F-measure values. 

 

F-measure = (2PR)/(P+R)                 (11) 

 

The effectiveness of matching is commonly determined with the standard measures 

precision (P), recall (R) and F-measure with respect to a manually determined “perfect” 

result. Therefore, as with traditional information retrieval evaluation, high precision and 

recall, F-measure characterizes a good matching method. 
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Now let us look at the efficiency measures. Efficiency of a matching system is usu-

ally determined by using several aspects, two of them are: response time (the time it 

takes for an operation to be completed), and space (memory or non-volatile storage used 

up by its construction). In this study, we make use of the response time as an indicator 

for the matching efficiency. 

 

5.2 Experimental and results 

 

In this section, the simulation results are discussed in detail to illustrate the effec-

tiveness of the proposed method in evaluating fuzzy XML DTDs similarity. And we use 

a real-world data set
1
 from four different domains as original datasets, from which we 

synthesized synthetic fuzzy datasets for the experimental evaluation. 

We firstly add fuzzy nodes to the XML DTDs in real-world data sets. That is to say, 

we use our fuzzy XML DTDs generator to randomly generate the multiple corresponding 

fuzzy XML DTDs. After doing this, each domain has corresponding 50 fuzzy XML 

DTDs which show different characteristics and they represent different application do-

mains, as shown in Table 4. 

 
Table 4. Characteristics of the Synthetic data sets 

Domain No. of  fuzzy XML DTDs No. of element Avg-depth 

Auction 50 1365 4.76 

University 50 975 4. 44 

Protein Sequence 50 4732 5.35 

Publication 50 2650 7. 14 

 

In the following, we present several evaluation scenarios reporting on the experi-

mental results. 

 Matching effectiveness 

The first scenario is to compare the quality to individual domain (Auction) in syn-

thetic data sets. In the first step, the similarity degree between every fuzzy XML DTD 

pairs is first computed by using our method after sampling. And we obtain the fuzzy 

XML DTDs similarity matrix. Second Step, we started a series of classification tasks by 

varying the classification similarity threshold in the [0, 1] interval. The fuzzy XML 

DTDs which similarity degrees are greater than a given threshold will be grouped to-

gether. Lastly, according to the clustering results, we compute precision (P), recall (R) 

and F-measure for each of the classification sets in the multilevel classification phases, 

the results of these evaluations are reported in Fig. 4.  

 

                                                 
1  All of data sets are collected from http://www.cs.washington.edu/research/xmldatasets/ 
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Fig. 4. Matching quality in synthetic data sets 

 

From Fig. 4, we can see that inconsistent fuzzy XML DTDs are gradually filtered 

from the classification sets, while varying the classification threshold from 0 to 1. Results 

demonstrate that our algorithm yields optimal classes at a very early stage of the multi-

level classification process (with classification thresholds < 0.5). 

 

 
Fig. 5. Matching quality comparison for difference domain from synthetic data sets 

 

The second scenario is to compare the quality with difference domain from synthet-

ic data sets. In this scenario, the quality obtained in different threshold between [0, 1] for 

all fuzzy XML DTDs in the same domain is then averaged to obtain the ultimate quality 

for the domain. Results are summarized in Fig.5, and we find that matching quality over 

the publication and protein sequence higher than the matching quality over the auction 
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and university domains. This is mainly due to the fact that fuzzy XML DTDs in publica-

tion and protein sequence domains are more homogeneous than fuzzy XML DTDs in 

auction and university domains. 

 Matching efficiency 

We experimented with synthetic data sets (chose all 200 fuzzy XML DTDs with a 

total size of 1MB). The timing experiments were implemented in JDK 1.6 and MATLAB 

R2014a, and performed on a system with Intel Core i7 processor, 8GB RAM and running 

on Windows 7. The results in Fig. 6 reflect that the time of matching fuzzy XML DTDs 

grows in a linear dependency on the size of fuzzy XML DTDs being compared. This 

figure indicates that the FTDT measure performs the worst among the other similarity 

measures. The reason behind this can be explained as follows: The FDTD measure is 

based on the other similarity measures. The synthesizing process consumes much time. 

 

 
 

Fig. 6. Timing results to compare similarity measure  

for different size of fuzzy XML DTDs 

5. CONCLUSION 

In order to deal with the issue of semantic similarities in the fuzzy XML DTDs ef-

fectively, in this paper, we first propose a novel tree representation model to capture the 

node information of fuzzy XML DTDs, and then a effective solution based on Extreme 

Learning Machine is proposed, which synthesize the semantic similarities of fuzzy XML 

DTDs tree nodes represented with the proposed model. The experimental results show 

that our algorithms can efficiently perform matching on the fuzzy XML DTDs. This 

study provides two contributions: (1) a novel fuzzy XML DTD tree model is proposed, 

which eliminates the redundancy node in order to reduce the complexity of the similarity 

comparison; (2) an ELM-based algorithm is proposed for synthesizing semantic similari-

ties of fuzzy XML DTDs trees by combining multiple individual similarities of fuzzy 

XML DTDs tree nodes. 

Note that the ELM-based algorithm proposed in the paper is mainly for synthesizing 

semantic similarities of fuzzy XML DTDs trees. At this point, granular computing can 
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play an essential role. Currently granular computing has been widely investigated in the 

literature [20, 33, 55, 36, 27, 41, 3, 14, 50, 54, 13, 49, 22, 16, 34, 7, 38, 24]. It is worth of 

future research to apply granular computing techniques to solve the semantic similarity 

measure of fuzzy XML DTDs problem. 
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