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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 machine
(ELM), heterogeneous data

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. As the number of applications that utilize heterogeneous
and distributed data source grows, the importance of XML data integration mechanisms
increases greatly [1, 2]. 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. Various systems
and approaches have been designed to perform XML DTD matching automatically [3-9].
The majority of the approaches exploit functions which evaluate similarity of a particular
feature of the given XML DTDs, such as similarity of labels [3-5], similarity of context
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[6, 7] or similarity of paths [4, 8].

Previous similarity measuring methods of XML DTDs assume that data is deter-
ministic. In fact, fuzzy information is often included in some practical application do-
mains. Some simple model for representing and querying XML with fuzzy information
are proposed in [10, 11]. Although XML DTD matching has been extensively investi-
gated, 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
motivates 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 integrate approach to support the identification of semantic similarity meas-
ure 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 cap-
ture the feature information in fuzzy XML DTDs. 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 of nodes. Here the ELM-based
algorithm is a kind of fuzzy XML clustering algorithms, which is categorized as fuzzy
web mining [12]. A comprehensive survey on fuzzy web mining is given in [13, 14].
Actually many useful techniques for fuzzy data mining have been proposed in the litera-
ture [15].

Being a machine learning approach, ELM is invented for classification, regression
and so on [16, 17]. In particular, ELM has been applied in XML documents classification
[9] and even in probabilistic XML documents classification [18]. 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 [19]. The major difference is that 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 contributions 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.
The experimental results validate our approach and show the practicability of algorithm.

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 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. In addition, in order to represent



SEMANTIC SIMILARITY MEASURE OF Fuzzy XML DTDsS 1345

fuzzy information in fuzzy XML data, a representation model based on “membership
degree and possibility distributions” is developed in [19]. In this model, an element may
be involved in a membership degree which indicates the possibility of being its parent’s
child element. The attribute values of elements may be presented as possibility distribu-
tions in this representation model. The Type attribute as a child of element Dis? 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 indicates the membership degrees of a given element.

1. <!ELEMENT College (Val+)>

2. <IATTLIST 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. <!IELEMENT Dist (Val+)>

10. <IATTLIST Dist Type (disjunctive)>

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

12. <!ATTLIST Val Poss CDATA “1.0”>

13. <!ELEMENT Student (Age?, (Email|Phone)?)>
14. <!ATTLIST Student Sid IDREF #REQUIRED>
15. <IELEMENT Age (Dist)>

16. <!ELEMENT Dist (Val+)>

17. <IATTLIST Dist Type (disjunctive)>

18. <!IELEMENT Email (Dist)>

19. <!IELEMENT Dist (Val+)>

20. <IATTLIST Dist Type (conjunctive)>

21. <!ELEMENT Phone (Dist)>

22. <!IELEMENT Dist (Val+)>

23. <IATTLIST Dist Type (conjunctive)>

24. <IELEMENT Val (#PCDATA)>

25. <!ATTLIST Val Poss CDATA “1.0”>

Fig. 1. A fragment of fuzzy XML DTD.

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 [19] for more details.

2.2 Fuzzy XML DTD Tree Model
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-
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tains several special fuzzy construction (Poss and Type, 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
encapsulated in the tree node. We note that Type always appears as the first child attrib-
ute 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 XML 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 mod-
el (FXDT for short). It is defined as follows.

Definition 1 (Fuzzy XML DTD tree): Formally, we model a fuzzy XML DTD as a root-
ed ordered labeled tree FXDT = {NV, E, L, T, FT, CC, AC}. Here

e N is the set of nodes in tree FXDT.

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

e L is the set of labels of the elements/attributes corresponding to the nodes in N.

o T'is the set of data types, including the basic element/attribute data types.

o [T is the set of fuzzy data types of nodes N.

e CC is the set of cardinality constraints associated with the elements/attributes of FXDT
(2, **, “+* and Null).

e AC is the set of alternative constraints associated with the elements/attributes of FXDT

(c? aa)
LEE) .

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). Hence, following our tree
representation model, a fuzzy XML DTD tree node is modeled as follows:

Definition 2 (Fuzzy XML DTD tree node): A node neN of FXDT is represented by a
sextuplet n = {NodeLabel, NodeDepth, NodeDataType, NodeFuzzyType, NodeCardCon-
straint, NodeAlterConstraint}. Here

® NodeLabeleL 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.

® NodeDataTypeeT is data-types. It may be “#PCDATA”, “String”, “Decimal”, and so
on.

o NodeFuzzyTypee FT denotes the type of possibility distribution, disjunctive or conjunc-
tive distributions. For a crisp node, its value is equal to Null.

® NodeCardConstrainte CC is the cardinality constraints of the node.

o NodeAlterConstrainte AC is the alternative constraints of the node.
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To sum up, FXDT is a rooted ordered tree, in which the nodes represent the ele-
ments/attributes. Nodes are ordered following their order of appearance in the fuzzy
XML DTD. And FXDT representation model that we propose here considers the most
common characteristics 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 indi-
vidual similarity of nodes and apply the approach based on ELM to synthesize the se-
mantic similarities of nodes. Fig. 2 shows a FXDT tree instance that basically comes
from the corresponding fragment of a fuzzy XML DTD is described in Fig. 1.

[ College | 1Null[Null [Null [Null]

|Cname] 2[IDREF| Null [Null [Null] [ Val [2[PCDATA[Null] + [Null]

‘ Department ‘ 3 |Null‘ Null ‘ * |Null‘

‘Dname‘4 ‘IDREF‘NU“‘NU”M ‘Teacher‘ 4 \N_ull[Null‘ * \;‘ ‘ Student ‘4 ‘Null‘Null‘ * u

[ Tid [5 [IDREF [Null [Null|Null] [ Sid [5[IDREF] Null | Null [ Null [Phone] 5 [Null[Null] 2 [ /]
| Dist [ 5 [Null[Null [Null | Null [Age 5[ Null[Null 2 ﬁ [Email [ 5 [Null[Null [ 2 ][]

[ Dist | 6 [ Null [Null[Null[Null|

[ Val [ 6 [CDATA | disjunctive [ + [Null] [Dist [ 6 [ Null [Null [Null [Null] [ Dist | 6 [Null [Null[Null|Null
[ Title [ 7 [Nulldisjunctive] 2], ] | Val [ 7[PCDATA [conjunctive| + [Null]
‘Tname‘ 7 |Nu11 ‘disjunctive‘ ? ‘ s H Val ‘7 ‘PCDATA‘disjunclive‘ + ‘NullH Val ‘ 7 ‘PCDATA‘conjunclive‘ + ‘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 [16] 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.

Consider N arbitrary samples (x;, ;) € R™”. Then ELM is modeled as

2 BeW, - x;+b)=0; (1=j<N). )

Here L is the number of hidden layer nodes, g(.) is activation function, ; is the weight
vector between the ith hidden node and the input nodes, £, is the weight vector between
the ith hidden node and the output nodes, and b; is the bias of the ith hidden node, and o,
is the actual output value of the SLFN. There must exist W;, £, b; such that
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L
2. BeW, -x;+b)=t; (1<j<N). @)
i=1
The equation above can be expressed compactly as follows:
Hp=T. 3)

Training of a single hidden layer neural network is equivalent to simply finding the
least-squares solution of the linear system. The output weight S is calculated as

B=H'T. 4

Here H' = (H'H)'H' is the Moore—Penrose generalized inverse of input matrix H.
After the calculation of the network output weights S, the response of the corre-
sponding to a new data points (vector x,) can be predicted by

O, = Bh(xy). )

4. SEMANTIC SIMILARITY MEASURE OF FUZZY XML DTDS
USING ELM

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.

4.1 Node Similarity Measures

Given a fuzzy XML DTD tree, a node (element/attribute) is a fundamental data item
for the similarity measures. We use Simyoq. (N;, N;) to represent the similarity degree of
two nodes N; and N;, where come from different fuzzy XML DTDs. 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 ele-
ments/ attributes. To accurately assess the similarity between node-pairs, a similarity
measure should exploit the features of nodes. According to the different exploited fea-
tures, some of the commonly used similarity measures were proposed.

o 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
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example, the Jaro similarity measure [20]. Here we adopt Lin’s similarity measure
method in [21] 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 L;and
L;, the following formula is used:

Simpaper = (N;, Nj) = 1/(1 + editDistance(L;, L))). (6)

Here editDistance(L;, L;) is the minimum number of character insertion, deletion, and
substitution operations that is needed to transform L; to L;.

o Depth similarity measure

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:

Simp,,;, (N, N,) = (datdg)/(di+d)) @)

Here d;and d; are the depth of N; and N; in local fuzzy XML DTD tree. N.is the most
specific common ancestor of N;and N, and d,; and d,; is the depth of N, in the fuzzy
XML DTD tree respectively.

e Data type similarity measure

The node data type is another information source that makes a contribution in de-
termining the node similarity [22]. 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 (Simpaarype) 1s high. Table 1 illustrates that the data type similarity of nodes
having the different data types is different.

Table 1. Data type similarity table.

Typel Type2 Simpaatipe
#PCDATA #PCDATA 1.0
CDATA CDATA 1.0
#PCDATA CDATA 0.5
CDATA NMTOKEN 0.8
ID IDREF 0.9

o 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. Fuzzy type similarity is
represented as Sinpyzoyrpe (N, N;). It can be shown in following formula.
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Si (Ni,N;) ! it Li=1 (8)
1M Fuzzy e i, INj)= .
feehr 7os o if Ti2T,

o Cardinality constraints similarity measure

Another available feature of the node that makes a contribution to assessing the
node similarity is its cardinality constraint [3]. 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 Simcaraconstrainte (N N;), 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

o Alternative constraints similarity measure

Alternativeness constraint operators specify a node’s disposition with regard to its
parent and siblings [3]. For instance, in declaration ((a | b), ¢), Alternative constraints °, |’
is associated with both elements a and b, while Alternative constraints ‘,” is associated
with element ¢. We denote the Alternative constraint similarity of two nodes as Sim .-

constraint (N, N;), which can be determined from the Table 3.

Table 3. Alternative constraints similarity table.

) | i l

, 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 [23-25] and we simply sign
corresponding individual similarity measure which is calculated by those approaches as
S1, Sy, -, Sy It is clear that each individual similarity measure of node exploits a specif-
ic feature of the node. But, it is necessary to consider a variety of node features along
with a variety of measures to assess the similarity. This multi-measure nature is potent in
that it makes a matching system highly flexible and adaptable to a particular application
domain. However, it results in considerable challenges on how to combine these
measures [26]. 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 [3]. 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 different features similarity measures.
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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. To get the similarity of fuzzy XML DTDs, firstly,
we have to measure the similarity of nodes in fuzzy XML DTD trees. But single meas-
urement method is biased and partial. These similarity measure value need to be inte-
grated. In some previous studies [3, 22], the method based on weight is commonly used.
Duo to the allocation of weight is provided by the human expert, so that the ultimate in-
tegration value may be a relatively large deviation. So, we introduce a synthesizing simi-
larity 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 se-
mantic similarity. More accurate results can be obtained comparing with those approach-
es based on weight given by a human expert mentioned in research [22].

Semantic
Similarity

Hidden Neurons|

Fig. 3. ELM-based similarity synthesis.

Node matching is a process of measuring similarity among nodes and then selecting
the most plausible nodes based on the similarity measure. In this perspective, 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.
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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. Node; and Node; are node-pairs come
from different fuzzy XML DTDs trees (FXDT,, FXDT,) respectively. Sy, S,, ..., S,are
individual similarity measures values. The processing which synthesizes various similar-
ity measures using ELM is divided into two phases, namely, training phase and predic-
tion 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 learn-
ing that predicts semantic similarity from various measures. On the other hand, the pre-
diction-phase is semantic similarity computing of node-pairs. This prediction model
based on ELM is built to map the relationship between the input variables (various simi-
larity measures values) and output variables (semantic similarity value) with the sam-
pling data. The processing of sampling is presented as follows. At first, randomly select-
ing a number of node-pairs (Node;, Node;) from different fuzzy XML DTD trees (FXDT,
FXDT,) to be used as a training data set. Secondly, compute individual similarity mea-
sures value S, S5, ..., S, 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 ex-
perts 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: Simyoqe

Input: Node;, Node; //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 Sy, S5, ..., S,, respectively;

3. Training ELM for calculate f= H'T;
4. Calculate output SimNodeValue = pH,
5. Return SimNodeValue

End

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 Si, S, ..., S, 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 £ 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, ELM algorithm is used to construct the pre-
diction model in order to map the relationship between the various similarity measures
values and semantic similarity value. This approach can thus speed up the later synthe-
sizing process compared to the common similarity combining approach.

4.3 Fuzzy XML DTD Similarity Measure

Given a set of fuzzy XML DTDs FD = {FDTD,, FDTD,, ..., FDTDy}, we compute
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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 (6), 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={FXDT\,....FXDTy} //fuzzy XML DTD trees set

Output: FDSimMatrix //FDTD similarity matrix FDSimMatrix
Begin

1. For (p =1to N-1)

2. { For (g=pt1 to N)

3. { For each node Node,;e FXDT,, Node, € FXDT,

4 {if (Simpyoqe (Node,; , Node,;) >0)

5. NumSimNode,;= NumSimNode,,+1; //number of similarity node }
6. FDSimMatrix,, = NumSimNode,, /min (|[FXDT,|, |FXDT,|)

7.}

8. }

9. Return FDSimMatrix

End

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 1-2), traveling each node in the two fuzzy XML DTDs (Lines 3) and computing
node similarities (Line 4). If the similarity degree of any two nodes is greater than a giv-
en threshold (say 6), the number of similar nodes adds 1 (Lines 5). Finally a similarity
matrix that represents the semantic similarity values between all nodes is obtained (Line
6). 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.

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 [23, 27], to evaluate
the effectiveness of our approach. Following Dalamagas et al. [23, 27], it is needed to
define some terms that are used in computing match effectiveness as follows. 4 is the
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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.

Hence, we have:

P =A4/(4+B), R = A/(A+C), F — measure = (2xPxR)/(P+R). 9

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. Efficiency of a matching system is usually determined by using two aspects: re-
sponse time and space. 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' 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
[ —+—prcision —#—recall —+—F-measure I I Bprcision B recall OF-measure
1 — : — !
0.9 Ty 0.9
0.8 g 0.8
E N\ _e - ||
0.7 . ~ 0.7
0.6 /6\ i . 0. § |
0.5 g . g .OL —
0.4 —— e % - 1
of [ M—— ol L= 0.3 ]
0.2 g — 0.2 7
0.1 —F 0.1 -
0 0 .
0.1 0.2 0.3 0.4 0.5 0.6 0.7 Auction Publication University Protein
thresholds Sequence

Fig. 4. Matching quality in synthetic data sets. Fig. 5. Matching quality comparison for differ-
ence domain from synthetic data sets.

' All of data sets are collected from http://www.cs.washington.edu/research/xmldatasets/
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o 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. From Fig. 4, we can see that incon-
sistent fuzzy XML DTDs are gradually filtered from the classification sets, while varying
the classification threshold from O to 1. Results demonstrate that our algorithm yields
optimal classes at a very early stage of the multilevel classification process (with classi-
fication thresholds < 0.5). The second scenario is to compare the quality with difference
domain from synthetic data sets. In this scenario, the quality obtained in different thresh-
old between [0, 1] for all fuzzy XML DTDs in the same domain is then averaged to ob-
tain 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 and university domains. This is mainly due to the fact that fuzzy
XML DTDs in publication and protein sequence domains are more homogeneous than
fuzzy XML DTDs in other domains.

® Matching efficiency

We experimented with synthetic data sets (chose all 200 fuzzy XML DTDs with a
total size of IMB). 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 FDTD 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.

600 —+— AlterConstraint
= —=- CardConstraint
= 500
§ /' +—FuzzyType
% 400 Lo DataType
E 300 ——Depth
1= —e—Label

200 ~~FDTD

1 2 3 4 =) 6 74 8 10 12
Size of fuzzy XML DTD(KB)

Fig. 6. Timing results to compare similarity measure for different size of fuzzy XML DTDs.

6. CONCLUSION

In order to deal with the issue of semantic similarities in the fuzzy XML DTDs ef-
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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 play an essential role. Currently granular computing has been
widely investigated in the literature [28, 29]. It is worth of future research to apply gran-
ular computing techniques to solve the semantic similarity measure of fuzzy XML DTDs
problem.
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