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Abstract 

 

Toward Efficient and Accurate Schema Matching - Cross Similarity 

Vector Approach and Learning-based Matcher Combination 

 

Youngseok Choi 

Department of Management Information Systems 

College of Business Administration 

Seoul National University 

Schema matching is one of the main challenges in in many database application 

domains, such as data integration, E-business, data warehousing, and semantic 

query processing. Over the past 20 years, different schema matching methods have 

been proposed and shown to be successful in various situations. Schema matching 

still seems to involve ad-hoc solutions with only a few works that involve 

foundational principles of schema matching because most of schema matching 

situations are too generic. Though many advanced matching algorithms have 

emerged, the schema matching research remains a critical issue. Different 

algorithms have been implemented to resolve different types of schema 

heterogeneities, including the differences in design methodologies, the naming 

conventions, and the level of specificity of schemas, among others.  
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Since hundreds of schema matching algorithms have been proposed, a 

strategy for combining existing matchers becomes one of the most important issues 

on schema matching studies. Composite and hybrid matching approaches are the 

main methodology to cope with the various schema matching situations. Selecting 

and combining appropriate matching algorithms for a given matching situation is 

very critical for improving matching performance.  

Schema matching research can be classified into two folds; finding new 

single schema matching algorithms and making a strategy for combining multiple 

matchers. Individual matcher usually reflect the properties of schema element such 

as name, structure, constraints, etc. In this dissertation, first, I propose a novel 

approach to find structural similarity using the concept of cross similarity vector. 

Proposed approach has its theoretical foundation from a context in database design. 

The approach covers the drawbacks of existing structural measures. By calculating 

the similarity between context structures using cross similarity vector, more 

advanced structural schema matching metric can be found. Second, very efficient 

way to combine existing matchers is introduced and evaluated using the sample 

schema data. Most of existing combinational approaches have focused on finding 

optimal linear combination of multiple measures, which is a part of heuristic 

optimization. These approaches tend to make arbitrary weight and threshold by 

iterative test. This task is very inefficient and the complexity of problem increases 

when the number of matchers is large or increases. To solve this kind of problem, I 

suggest the matcher combination strategy based on supervised learning classifier. 
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By transforming the schema matching task into learning-based classification 

problem, the number of parameter is dramatically decreased as the number of 

matcher increases. Comparing representative schema matching prototype, proposed 

approach is fully automated. Any types of human intervention such as abbreviation 

processing, user feedback, are not adopted at all. The performance of proposed 

approach is also better than existing fully automatic schema matching algorithms 

and nearly at the level of semi-automatic schema matching approach.  

 

Keywords: schema matching, data matching, combinational matching, 

matcher combination, cross similarity vector, learning-based classification, 

data integration, machine learning.  
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PART1. INTRODUCTION 

CHAPTER1. Schema Matching Research – Its Motivation 

Schema matching involves matching among concepts which describe the meaning 

of data in various heterogeneous, distributed data (Gal 2006). Schema matching is 

recognized as one of the basic operations required in the process of data integration 

(Bernstein & Melnik 2004). Data integration and exchange can be ssen as the 

process of converting an instance of one schema, called the source schema, into an 

instance of a different schema, called the target schema, according to a given 

specification (Hernandez et al. 2008).  This problem necessitates finding 

correspondence among elements of given schemas. Matching tasks are closely 

related to the problem of defining global views of heterogeneous data sources to 

support querying and cooperation activities (Castano and De Antonellis 2001).  

A schema is a formal structure of an engineered artifact, such as SQL 

schema, XML schema, entity–relationship diagram, ontology description, interface 

definition, and form definition (Bernstein et al. 2011).  Manually specifying 

schema matches is obviously a tedious, time-consuming, error-prone, and 

consequently, expensive process. This problem is becoming worse given the 

rapidly increasing number of Web data sources and e-businesses to integrate (Rahm 

& Bernstein 2001). Therefore, numerous researchers have tried to find more 
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effective and efficient means of matching schemas automatically (Gong et al. 

2012).  

Schema matching has been a very active research area, particularly during 

the last decade in which hundreds of techniques and prototypes for automatic 

matching have been developed (Rahm & Bernstein 2001). Although numerous 

advanced matching algorithms have emerged, the schema matching research 

remains a critical issue and definitive solutions for schema matching are not yet 

available (Atzeni 2007). Various algorithms have been implemented to resolve 

different types of schema heterogeneities, including the differences in design 

methodologies, the naming conventions, and the level of specificity of schemas, 

among others (Batini et al. 1986). The algorithms for the matchers are usually too 

generic irrespective of the schema matching scenario. This situation indicates that a 

single matcher cannot be optimized for all matching scenarios. A matching 

algorithm cannot be effective in all scenarios. In the case of a large scale schema 

matching problem, improving the matching efficiency is more challenging. 

CHAPTER2. The Definition of Problem Space for Dissertation 

Existing schema matching studies have examined in various structural aspect of 

schema matching. Schema matching task can be defined as finding correspondence 

between schema elements using a specific metric 1  or combining existing 

matching metric.  In this dissertation, the aim of dissertation will be focused on 

1 Matching measure, matching metric, matcher, and matching algorithms have had 
same meaning in past literatures.  
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suggesting new matcher and strategy for combining existing matchers.  

2.1. Designing the matching metric 

Matching metric is a necessary factor for performing schema matching task. Usually, a 

single metric returns the value between 0 and 1, which means how two schema element 

similar. The metric can be classified into name similarity and structural similarity. A name 

similarity is the metric which uses the information about the name of element; i.e. the 

semantic of element, properties as a string, etc. A structural similarity finds the similarity 

based on the structural property of each schema element; i.e. the morphological structure 

around the element, hierarchical structure of the element, etc. Each similarity has their own 

strength so that they are usually combined to make better performance. 

The similarity metric based on elements’ name has been studied since many 

researchers in computational linguistics and computer science have had interested. Many 

matching metrics have been used for schema matching very usefully and the metrics is very 

critical role in improving the performance of existing schema matching architecture. Most 

of metrics are designed for general purpose such as calculating similarity between two 

concepts. In this regard, there needs to be a name similarity metric for schema matching 

task. This research is completed in another working papers (Choi et al. 2014), so this is not 

the scope of this dissertation.  

In this dissertation, a novel approach to design a structural measure which reflect 

the semantic structure of element. By combining structural property and name property, the 

weaknesses of structural property can be minimized. This is the first contribution of this 

dissertation and details are presented in Part 3.  
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2.2. Making strategy for combination of various matcher 

Since the schema matching research have been started, hundreds of schema matching 

algorithms have been proposed in both research and practical community. Each of existing 

schema matching has their own strengths for specific situation and single matching 

algorithm cannot perform well in every matching situation because schema matching task is 

too generic2. This is the reason most of representative approaches adopt the combination 

strategy for schema matching. Combining various matching algorithms can be seen as the 

complex optimization problem to find optimal combination; i.e. finding the weights of 

individual matcher for best matching performance (Gottlob et al. 2011).  

In this dissertation, this combination strategy is simplified by adopting machine 

learning-based classification problem. I transform the schema matching task into learning-

based classification to simplify the overall process of matching. The details of this idea and 

experimental evaluation will be presented in Part 4. 

CHAPTER 3. Theoretical Foundations of Schema Matching 

Research 

Several attempts at setting theoretical foundations for schema matching exist in 

literatures. The theoretical aspect of schema matching research can be divided into 

model management and operation matching. Most theoretical foundations are 

                                          
2 ‘generic’ indicates the variety of each schema matching tasks; every matching 

has their own property so that this situation cannot be covered by single matching 

algorithm.  
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related to symbolic algebra. The theoretical justification of matching space 

reduction also can be found in existing research (Smiljanić et al. 2006, Bellahsene 

et al. 2011). We describe the efficiency of matching space reduction using simple 

arithmetic proof in last subsection. 

3.1. Model Management 

Model management is a framework for supporting applications related to metadata, 

wherein models and mappings are manipulated as first-class objects using various 

operations (Bernstein & Rahm 2000). The original idea of model management may 

be closely connected the fundamental problem of modern database management 

such as semantic heterogeneity (Hull 1997). A model is a structure representing a 

designed artifact, such as an XML DTD and Web site schema, among others. A 

number of mathematical foundations make it easier to manage such models. Many 

examples of high-level algebraic operations are currently being used for specific 

metadata applications (Jannink et al. 2009; Miller et al. 1994; Mitra et al. 2000).  

Bernstein et al. (2000) suggested key algebraic operations for model 

management. Fundamental operations include: 

 Matching – taking two models as input and returning a mapping between them

as output;

 Composing – taking two mappings as input and returning their composition as

output;



6 

 Merging – taking two models and a mapping between them as input and 

returning a model merging the two models (using the mapping to guide the 

merging) as output; 

 Setting operations on models – involves unions, intersections, and differences; 

and 

 Projecting and selecting models – which are comparable to relational algebra. 

 

These algebraic operations manipulate models and their mappings, each of which 

connects the elements of two models. A matching operation, which is one of the 

most important operations in model management, can be defined in a more formal 

manner (The details of matching operations are discussed in the next subsection). 

To show hot these operations may be used, Bernstein (2001) consider the 

problem of populating a data warehouse. Suppose that we have a model S1 of a 

data source and a mapping map1W from S1 to a model W of a data warehouse. Now 

we are given a model S2 of a second data source (see Figure below). We can merge 

S2 into the data warehouse as follows: (1) Match S2 and S1, yielding a mapping 

map21; (2) Compose map21 with map1W, to produce a mapping map2W from S2 to W. 

Step (1) characterizes those parts of S2 that are the same as S1.Step (2) reuses 

map1W by applying it to those parts of S2 that are the same as S1. In Bernstein et al. 

2000, they described a detailed version of this scenario and others like it, to show 

how to use the model management algebra to solve some practical data 

warehousing problems. 
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For schema matching, the partition-based matching approach has been 

commonly considered to reduce the matching space. This approach increases the 

matching efficiency by performing partition-wise matching. The efficiency of the 

partition-based matching can be proven easily by arithmetic. In this part, the 

efficiency of the partition-based matching is proven.  

Let the total number of element in the source schema be NSource. If we 

assume that the source schema has mutually exhausted p partitions and the number 

of elements in each partition is ns1–nsp elements, NSource can be expressed as 

Nsource = ∑ . 

We let the total number of elements in source schema as NTarget and the number of 

its partitions as q. If the number of elements in each partition is nt1– ntq, then NTarget 

can be expressed in the same manner. 

NTarget = ∑ . 

In the case of the standard approach, i.e., pairwise element matching, the total 

number of matching is 

NSource  NTarget = ∑ ∑ . 

 However, in the case of the partition-based matching, the total computation can be 

reduced to  
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∑ , where 1 ≤ j, k ≤ q 4. 

Unless each partition of the source schema tries to match all the partitions of the 

target schema, the partition-based matching can have an advantage in the matching 

complexity. 

4 In this case, we assume that each partition has two matching candidate partitions of the 
target schema.  
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PART2. RELATED WORKS 

CHAPTER4. The Classification of Schema Matching Research 

The existing schema matching techniques are shown in some representative surveys 

of schema matching (Rahm and Bernstein 2001; Shvaiko and Euzenat 2005; Bernste

in et al. 2011). They suggest a classification of individual matching techniques. An 

implementation of a schema-matching process may use multiple matching algorithms,

 thus allowing us to select individual matchers depending on the matching scenario.

 The following list shows the general classification of individual matchers and recen

t research belonging to each classification. The following categories are reorganized 

based on existing surveys5 (Rahm and Bernstein 2001; Shvaiko and Euzenat 2005; 

Bernstein et al. 2011). 

4.1. Rahm and Bernstein’s Classification 

Rahm and Bernstein (2001)’s classification of schema matching approach has 

given the research insight to related researchers. An implementation of Match 

operation may use multiple match algorithms or matchers. Matcher might be 

selected depending on the application domain and schema types. When it comes to 

use multiple matchers, there are two alternative to implement match operation. 

First, there is the realization of individual matchers, each of which computes a 

5 Related works before 1990s are well summarized in Batini et al. 1986. 
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ground and ensure a comprehensive coverage for their classification they have 

analyzed state of the art approaches used for schema-based matching. One of big 

difference from Rahm and Bernstein (2001)'s classification lies in their guidelines 

for building their classification 

Exhaustivity. The extension of categories dividing a particular category must 

cover its extension (i.e., their aggregation should give the complete extension of 

the category); 

Disjointness. In order to have a proper tree, the categories dividing one category 

should be pairwise disjoint by construction; 

Homogeneity. In addition, the criterion used for further dividing one category 

should be of the same nature (i.e., should come from the same dimension). This 

usually helps guaranteeing disjointness; 

Saturation. Classes of concrete matching techniques should be as specific and 

discriminative as possible in order to provide a fine grained distinction between 

possible alternatives. These classes have been identified following a saturation 

principle: they have been added/modified till the saturation was reached, namely 

taking into account new techniques did not require introducing new classes or 

modifying them. 

Based on these four guidelines, they classify schema-based matching approach (see 

figure below).  



Fi

 

In pr

resea

 I

i

B

igure 5. A re

4.3. Detai

rior sections

arch. In this s

Instance vs

instance data

Bilke and Na

etained class
approach

ils of Classi

s, we review

section, we w

. schema-ba

a (Chua et al

aumann 2005
1

sification of 
hes (Shvaiko

fication 

wed two rep

will present th

ased match

l. 2003, Kan

5, Kang et al
5 

f elementary
o and Euzen

presentative 

he details of 

hing: Matchi

ng and Naug

l. 2005, Zhao

y schema-ba
nat 2005) 

survey of s

each classifi

ing approach

hton 2003, W

o and Ram 2

sed matchin

schema matc

ied approach

hes can con

Wang et al. 2

2007, Jaiswal

 

ng 

ching 

hes.  

nsider 

2004, 

l et al. 



16 

2010, Ding and Wang 2011, Jaiswal et al. 2013) or only the information of the 

schema element. Most of published research on schema matching belong to 

schema-based matching. One of major challenge of instance-based matching 

is how to evaluate proposed approach. To evaluate instance-based matching, 

real database schema with whole instance data should be given. However, to 

obtaining test schema with its instance is not common for usual test scenario. 

For this reason, most of research which belong to this category evaluate their 

approach using virtually generated data by users.  Instance-based matching 

have adopted information theory-based measure such as entropy or mutual 

information. Computational linguistics-based measure also can be applied to 

instance data though it takes longer time in massive instance case.  

Some of researcher argue that instance-based schema matching approach 

is more appropriate for real matching scenario because database schema of 

most firms has its corresponding instance in real world. In addition, instance 

data may be considered as additional data of schema element. If more 

information is given to matching, the matching problem is easier. To enable to 

realize many kind of instance-based approach, researchers should try to obtain 

real database schema and its instance.  

 Element vs. structure matching: Matches can be performed for 

individual schema elements or for combinations of elements, such as 

complex schema structures. Structural matching mainly uses the 

topological approach (Melnik et al. 2002, Bertino et al. 2004, Lu et al. 

2007, Algergawy et al. 2009, Fan et al. 2010, Gal 2012). The common 
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utilization of schema’s structural aspect is to consider the parents, children, 

or the leaves of each schema element.  

Do Hong Hai (2005) emphasized the importance of structural matching in 

his dissertation: “In general, structural match approaches may be misled by 

structural conflicts, which occur due different detail levels of information 

represented by schema elements (p. 32)”. This statement does not mean single 

structural matcher guarantees the high matching performance. Few research 

adopt only structural matcher without other matcher such as element-based 

matcher. Structural matching algorithm has been frequently combined with 

other matching approach to implement multiple matcher approach, i.e. 

combinational and hybrid matching.  

 Language vs. constraint-based matching: A matcher can use a linguistic-

based approach such as those based on names and textual descriptions of 

schema elements (Giunchiglia et al. 2005, Madhavan et al. 2005, Casanova et 

al. 2007, Islam et al. 2008, Po and Sorrentino 2011, Chen et al. 2012) or a 

constraint-based approach such as those based on keys and relationships (Yu 

and Popa 2004, Smiljanić et al. 2005, Kim et al. 2007, Zhao et al. 2012).  

Language-based (or linguistics-based approach) is one of most frequently 

used matcher in multiple matcher approach. This approach usually adopt two 

kind of matcher: semantic and non-semantic measure for string. In the case of 

non-semantic measure, the meaning of schema element is not considered for 

calculating similarity. Edit-distance, N-gram, and Soundex measure are 

representative non-semantic linguistic measure. Semantic measure usually 
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adopt semantic network and dictionary to calculate similarity between schema 

elements.  

Schema often has constraints to declare data types, allowable values, 

value ranges, etc. This constraints can be used for finding correspondence 

between two elements. For example, if one is string and another is integer, 

they are less likely to correspond each other. This is the basic idea of 

constraints-based matcher.  

 Auxiliary information-based matching: Most matchers do not only rely on

input schemas S1 and S2, but also on auxiliary information, such as

dictionaries, global schemas, previous matching decisions, and user input

(Madhavan e al. 2005, Drumm et al. 2007, Islam et al. 2008, Cruz et al. 2009,

Algergawy et al. 2010, Algergawy et al. 2011, Thang and Nam 2010). Corpus-

based schema matching has its origin from corpus-based text similarity

research (Mihalcea et al. 2006, Halevy and Madhavan 2003).

Most popular semantic similarity measure use WordNet as their auxiliary 

information. WordNet is network-typed dictionary which provide the meaning 

of words and their synonym and hypernym. Previous studies on semantic 

similarity using semantic network can broadly be classified into: those based 

on the topological method and those based on the statistical method. The 

topological method uses various forms of semantic network or taxonomy to 

compute the semantic relatedness between concepts. The representative 

semantic networks based on the topological method are WordNet and Roget’s 

thesaurus. On the other hand, the statistical method is a technique for 
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calculating the statistical association between concepts by using auxiliary data, 

such as a dictionary or corpus that is not in the form of a network. 

Corpus-based schema matching approach have used corpus as a domain 

knowledge. Common type of corpus is set of news from specific domain 

related to matching scenario. Using this kind of domain corpus, user-defined 

semantic network can be implemented for calculating similarity between 

schema elements.  

In addition to these categories, some schema matching based on algebraic approach 

methods can be found in past literature (Algebraic Matching).  

 Algebraic Matching: Some studies have tried to solve the schema matching

problem using pure and applied algebra. They transform the schema matching

problem into algebraic problem and finding optimal solution for matching

result (Bernstein & Rahm 2000, Sabetzadeh and Easterbrook 2005, Zhang et

al. 2005, Zhang et al. 2008, Hosain and Jamil 2010).

To implement algebraic matching, a formal meta-meta model to describe the

various schema types should be defined. Many kind of schemas can be

considered as meta-model. A meta-meta model is a representation language in

which models and meta-models are represented (Zhang et al. 2008). Schema

matching can be defined as algebraic manner. Zhang et al. (2008) define

schema matching algebraically, “If S is the source schema, T is the target

schema, the matching result of two schemas is a set m ⊆ IS × IT that contains

every matched couple <s, t >∈ IS ×IT ”. 
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 Web 2.0 Approach: McCann et al. (2008) proposes Web 2.0 approach 

that uses the knowledge of multiple users. Nguyen et al. (2010) and 

Nguyen et al. (2014) also introduce the web-based schema matching 

system to aggregate multi-users’ matching.  

We have reviewed several categories of individual matchers. To resolve the more 

general and complex schema matching problem, combining multiple matching 

approaches can be effective because the individual matchers may only be 

applicable and appropriate for a given specific match task. We call this approach 

“Combinational Matching” in this dissertation.   

 Combinational Matching6: Castano et al. (1997), COMA++ (Do et al. 

2002; Aumueller et al. 2005), Cupid (Madhavan et al. 2001), and eTuner 

(Lee et al. 2007) are well-known schema matching systems, and these 

systems utilize multiple matching algorithms to deal with more complex 

matching tasks. Domshlak et al. (2007) proposes the matcher ensemble 

approach by aggregating ranking. Feng et al. (2010) suggests GATuner 

which tuning the matcher’s parameter using generic algorithm. Jeong et al. 

2008 implements XML schema matching algorithm using supervised 

learning algorithm. Generally, combinational matching shows better 

performance than the individual matcher. 

Unfortunately, matching large schemas are very challenging based on reviewed 

studies because most previous studies have addressed small matching tasks only. 

                                          
6 Peukert et al. 2010 compares the combination method of multiple matchers.  
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Only a few studies tried to solve large-scale matching (He and Chang 2004; Rahm 

2011).  

 

CHAPTER5. Representative Schema Matching Architecture 

5.1. COMA++ 

COMA++ is the representative schema matching architecture. COMA++ also 

provides match operation for ontology matching. It extends their previous 

prototype COMA (Do and Rahm 2002) utilizing a composite approach to combine 

different match algorithms. It comes with a GUI enabling a varous user interactions. 

Using a canonical data representation, COMA++ uniformly supports schemas and 

ontologies, e.g. W3C XML Schema and OWL. COMA++ includes ontology 

matching, in particular the utilization of shared taxonomies. Different match 

strategies can be applied including various forms of reusing previously determined 

match results and a so-called fragment-based match approach which decomposes a 

large match problem into smaller problems (Aumueller et al. 2005). Details of 

COMA++ architecture depicted in figure below.  
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COMA++’s features are summarized in table below.  

 

Table 1. Summary of COMA++ architecture 

Test schema 

Schema type XSD, XDR

#of Schemas/ 

match tasks 
7/16

Min/Max/Avg schema size 34/26,000/-

Matching Algorithm 

Linguistic 
Dictionary, string 

matching

Structure leaves

Match Combination -

Abbreviation Processing Manual

Evaluation Strategy 

Quality Measure Precision/Recall/F

Subjectivity 1 user
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5.2. CUPID 

Cupid discovers mappings between schema elements based on their names, data 

types, constraints, and schema structure, using a broader set of techniques than 

prior approaches. Cupid integrates linguistics and structural matching, context-

dependent matching of shared types, and a bias toward leaf structure. Cupid has the 

following properties by Madhavan (2001).  

- It includes automated linguistic-based matching. 

- It is both element-based and structure-based. 

- It is biased toward similarity of atomic elements (i.e. leaves), where much schema 

semantics is captured. 

- It exploits internal structure, but is not overly misled by variations in that 

structure.  

- It exploits keys, referential constraints and views. 

- It makes context-dependent matches of a shared type definition that is used in 

several larger structures. 

- It generates 1:1 or 1:n mappings, although Cupid is an artefact of final stage of 

the algorithm and could be adjusted if desired.  

Linguistic matching of Cupid include normalization, categorization, and 

comparison. Normalization process aims to solve the uncertainty of schema 
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(ancestors and siblings) are similar.  

(b)  Two non-leaf elements are similar if they are linguistically similar,  and the 

subtrees rooted at the two elements are similar.  

(c)  Two non-leaf schema elements are structurally similar if their leaf sets are 

highly similar, even if their immediate children are not. This is because the leaves 

represent the atomic data that the schema ultimately describes. 

The summary of Cupid’s feature is summarized in table below.  

 

Table 2. Summary of Cupid architecture 

Test schema 

Schema type XDR

#of Schemas/ 

match tasks 
2/1

Min/Max/Avg schema size 40/54/47

Matching Algorithm 

Linguistic String matching

Structure neighbors

Match Combination -
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Abbreviation Processing Manual

Evaluation Strategy 

Quality Measure None

Subjectivity 1 user

 

 

5.3. IMAP 

iMAP system semi-automatically discovers both 1-1 and complex matches. iMAP 

reformulates schema matching as a search in a large or infinite matching space. To 

search effectively, it employs a set of searchers, each discovering specific types of 

complex matches. To further improve matching accuracy, iMAP exploits a variety 

of domain knowledge, including past complex matches, domain integrity 

constraints, and overlap data (Dhamankar et al. 2004). 

One of distinct features of iMAP is to exploit domain knowledge. Several 

recent works (Doan et al. 2001, Do et al. 2002, Madhavan et al. 2003) have noted 

the benefits of exploiting domain knowledge for schema matching. Intuitively, 

domain knowledge are useful for tuning some possible matches (Dhamankar et al. 

2004). 

The iMAP architecture is shown in figure below. It consists of three main 

modules: match generator, similarity estimator, and match selector.  
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adopts a set of specialized searchers that explore meaningful parts of the matching 

space. Second, it makes use of various types of domain knowledge to guide the 

search and the evaluation where possible (this means iMAP is not fully automatic 

approach). The main points of iMAP are summarized in table below.  

 

Table 3. Summary of iMAP architecture 

Test schema 

Schema type DTD, HTML

#of Schemas/ 

match tasks 
24/20

Min/Max/Avg schema size 14/66/-

Matching Algorithm 

Linguistic String matching

Structure N/A

Match Combination -

Abbreviation Processing Manual

Evaluation Strategy 

Quality Measure Recall
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integration between Faculty and Student databases. INTegrator (SEMINT) first 

uses DBMS specific parsers to extract metadata from these two databases. The 

metadata forms patterns labelling the attributes in the Faculty and Student 

databases. These attribute patterns are used as training data for neural networks to 

recognize these patterns. The trained neural network can then identify 

corresponding attributes, based on the metadata of attributes in, Faculty and 

Student databases and point out their similarity. In SEMINT (see Figure above) the 

metadata extraction is automated; and how to match corresponding attributes and 

determine their similarity is `learned' during the training process directly from the 

metadata. The features of SEMINT is summarized in table below.  

 

Table 4. Summary of SEMINT architecture 

Test schema 

Schema type Relational

#of Schemas/ 

match tasks 
10/5

Min/Max/Avg schema size 6/260/57

Matching Algorithm 

Linguistic String matching

Structure N/A
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Match Combination -

Abbreviation Processing -

Evaluation Strategy 

Quality Measure Precision/ Recall

Subjectivity 1 user

 

 

5.5. Similarity Flooding 

Similarity Flooding (Melnik et al. 2002) transforms schemas into labelled graphs 

and user fix-point computation to finding correspondence. To explain the details of 

Similarity Flooding, Melnik et al. (2002) shows the brief example of schema 

matching. Consider schemas S1 and S2 depicted in Figure below.  
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4. result = SelectThreshold(product); 

As a first step, schemas are transformed into two graph types. Second, an initial 

mapping between G1 and G2 is obtained using StringMatch operation. In third step, 

operator SFJoin is applied to produce a refined mapping called product between G1 

and G2. Finally, operator SelectThreshold selects a subset of node pairs in product 

that corresponds to the ‘most plausible’ matching entries. 

One of their contributions is the novelty of quality metric. They firstly 

introduce the concepts of overall (sometimes called accuracy9). Overall metric is 

designed for capturing the user effort needed to transform a match result obtained 

automatically into the intended result (See formula and figure below).  

Overall = Recall*(2-1/Precision) 

                                          
9 Some researchers use term ‘accuracy’ as a meaning of ‘precision’.  
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Fmeasure is within the range determined by Precision and Recall, Overall is 

smaller than both Precision and Recall.” 

The summary of Similarity Flooding architecture is presented in table below. 

Table 5. Summary of Similarity Flooding architecture 

Test schema 

Schema type XSD

#of Schemas/ 

match tasks 
18/9

Min/Max/Avg schema size 
5/22/12

Matching Algorithm 

Linguistic Affix/suffix,
dictionary

Structure 
Parent/

children/
leaves

Match Combination 
Max

Abbreviation Processing 
Manual

Evaluation Strategy 

Quality Measure Overall
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Subjectivity 7 user

 

5.6. Overall Comparison of Representative Prototype and  

We reviewed representative schema matching architectures (COMA++, CUPID, 

iMAP, SEMINT, and Similarity Flooding). In this section, the comparison among 

them is analysed for this doctoral dissertation. An overall comparison is 

summarized in table below.  

 

Table 6. Characteristics of representative schema matching prototype 

 
COMA++ CUPID IMAP SEMINT SF 

Test schema 

Schema type 
XSD, 
XDR 

XDR DTD, 
HTML

Relationa
l  

XSD 

#of Schemas/ 
match tasks 

7/16 2/1 24/20 10/5 18/9 

Min/Max/Av
g schema 
size 

34/26,000/
- 

40/54/47 14/66/- 6/260/57 5/22/12 

Matching Algorithm 

Linguistic 
Dictionary

, string 
matching 

String 
matching

String 
matchi

ng
-

Affix/suffi
x, 

dictionary 

Structure leaves neighbors
  

Parent/ 
children/ 

leaves 
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Match 
Combination 

- - - - Max 

Abbreviation 
Processing 

Manual -
Manu

al
- Manual 

Evaluation Strategy 

Quality 
Measure 

Precision/ 
Recall/ F 

none Recall
Precision

/
Recall

 

Subjectivity 1 user 1 user 1 user 1 user 7 user 

 

- Schema Type: Most recent architectures use their input data as XML 

schema. XSD and XDR are representative XML schema file format.  

- Size of Test Schema: Architectures reviewed use the test schema for 

evaluation of their approach. Each architecture uses multiple schema pairs 

as their test schema and the size of test schema varies. It is general to use 

sample schema whose size is less than one hundred (actually, under fifty) 

because of the difficulty in making mapping dictionary for evaluation. To 

calculate the evaluation criteria such as F-measure, we should have the set 

of matched pairs given by human. Due to this difficulty, test for large scale 

schema matching is still challenge.  

- Linguistic measure: Every reviewed architecture adopts linguistic measure. 

String matching measure (non-semantic measure) is most frequently 

adopted because most string representing schema element is too modified 

(i.e., abbreviation) to find element name in auxiliary information such as 
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WordNet and dictionary. In the case of ontology matching, various 

semantic measures such as node-based and edge-based similarity tend to 

be critical measures. To utilize semantic similarity measure in schema 

matching case, normalization process including tokenization, extension 

should be performed to identify the real meaning of modified element 

name.  

- Abbreviation processing: It is very conventional in database modelling to 

naming the name of schema element using abbreviation. Most of reviewed 

prototypes need to human endeavour to solve the abbreviation. They use 

human-made abbreviation dictionary before performing schema matching 

task.  

- Quality measure: Precision, Recall, and F-measure are most commonly 

used quality measure in schema matching research. Similarity Flooding is 

the only architecture that does not use these traditional quality measures. 

They suggest and use ‘overall’ measure for the first time.  

To briefly comparing this dissertation and reviewed approach, the features of 

my dissertation approach that will be scrutinized in next part are summarized 

in table below.  
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Table 7. Properties of Schema Matching Approach in Dissertation 

 Proposed 
Matching 

Note 

Test schema 

Schema type 
XML schema XML schema as a canonical form of schema 

data type 

#of Schemas/ 
match tasks 

About 
100hundred

- About 50 schemas (University, car sales, 
auction, etc) / average size: 25 /from 
other schema matching researchers 

- 5 schemas (Purchase order)/ average size: 
20/ from COMA++ 

- Not test the large scale schema 

Min/Max/Avg 
schema size 

-

Matching Algorithm 

Linguistic 

Hybrid

- Semantic matching : path similarity, Wu-
palmer measure, Lin measure, Resnik 
measure (Auxiliary data: WordNet, 
Rodget’s theasauraus, Brown Corpus).  

- Non-semantic matching (Syntactic 
measure): Levenshtein distance, Jaro 
similarity, Jaro-winkler similarity, N-
gram distance. 

- Cross Similarity Vector approach using 
similarity measure (linguistic-structural 
matching).  

Structure 

Match 
Combination 

Learning-
based 

Classification
- KNN/SVM/Decision Tree 

Abbreviation 
Processing 

No, Fully 
automated

- For matching schemas from generalized 
domain 

Evaluation Strategy 

Quality 
Measure 

Precision/
Recall/ F

- 

Subjectivity 1 user Implementing manual matching solution. 
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PART3. CROSS SIMILARITY VECTOR APPRAOCH 

CHAPTER6. Motivation for Cross Similarity Vector Approach 

6.1. Element and structural similarity between schema elements 

Many algorithms for calculating similarity between schema elements have been 

suggested. As presented in Chapter 4, generally, individual matchers can be 

classified into element-based and structural similarity. Element based matching 

finds the correspondence based on the name of elements or constraints. Structural 

matching mainly uses the topological approach (Melnik et al. 2002, Bertino et al. 

2004, Fan et al. 2010). The common utilization of schema’s structural aspect is to 

consider the parents, children, or the leaves of each schema element. 

Most of structural measures only reflect structural aspect such as 

topological position, the number of neighbours, etc. Structural approach plays an 

important role to filtering the result of element based matching. Two elements must 

be un-matched pair if the hierarchical order of is not match though they have a high 

name similarity value. However, here’s the sceptical aspect of structural matching. 

See the table below. To cope with this critical situation, a novel approach to 

calculate semantic structure similarity is proposed.   

Example Matching Result between 

two “Student” in source 

and target 
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Definition. The context is the key component in capturing the semantics related to 

an object’s definition and its relationships to other objects (Kashyap and Sheth 

1996). In this manner, the context of schema element can be described using the 

relation between elements and neighboring element. Context can play a critical role 

in capturing schema information (Bohannon and Elnahrawy 2006). 

Definition. If we use context as a proxy which can reflect properties of schema 

element or database design (Kashyap and Sheth 1996) to find the matching 

between schema elements, we can call this kind of approach context structure-

based approach. That is, in this approach, semantic correspondence between 

schema elements is determined based on the semantic similarity between contexts 

of schema elements. To calculate the similarity between contexts of schema 

elements, explicit representation of context should be defined. 

In this regard, context structure-based CSV (Cross Similarity Vector) 

approach is proposed. In next section, the graphical description of CSV will be 

presented.  

6.2. Graphical description of cross similarity vector approach 

The figure below presents a graphical description of cross similarity vector 

approach. Let assume that we want to perform matching task between two schema 

elements and attributes.  
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(Person, PID, Address).  

Original Similarity Vector of Source: (Name, ID, Address)*Student = (0.7, 0.6, 0.4) 

Cross Similarity Vector of Source: (Name, ID, Address)*Name = (1, 0.5, 0.3) 

Original Similarity Vector of Target: (Person, PID, Address)*Name= (0.6, 0.5, 0.3) 

Cross Similarity Vector of Source: (Person, PID, Address)*Student = (0.9, 0.35, 

0.4) 

Element Similarity ES(Student, Person) = 0.62 

 

 

CHAPTER7. Preliminaries for Cross Similarity Vector Approach 

- Neighbor concept vector  = (e1, e2, …en) 

Where e1, e2, …en are concepts that are directly linked and parallel to 

concept e. Concept vector has the component with order.  

- Similarity function Sim(c1, c2) which is predefined measure for calculating 

the similarity between given concepts. This function returns the value 

between zero and one. 

- Similarity Vector Operation * and Similarity Vector: 

  *e’= (e1, e2, …en)*e’=(Sim(e1,e’), Sim(e2, e’), …Sim(en, E’))=SVee’ 
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- Original Similarity Vector of Source SV ee =  *e= (e1, e2, 

…en)*e=(Sim(e1,e), Sim(e2, e), …Sim(en, e)) 

- Cross Similarity Vector of Source = SV  ee’ =  *e’= (e1, e2, 

…en)*e’=(Sim(e1,e’), Sim(e2, e’), …Sim(en, e’)) 

- Original Similarity Vector of Target SV e’e’ = ′  *e’= (e1’, e2’, 

…em’)*e’=(Sim(e1’,e’), Sim(e2’, e’), …Sim(em’, e)) 

- Cross Similarity Vector of Target SV e’e = ′  *e= (e1’, e2’, 

…em’)*e=(Sim(e1’,e), Sim(e2’, e), …Sim(em’, e)) 

(note that the number of neighbor concepts, n and m, may be different) 

- There are two option to calculate Element Similarity according to the way 

of compute the similarity between two vectors which have same 

dimension.  

 Option 1.  ES (e, e’) = Average [Corr(SVee, SVee’) , Corr (SVe’e’, 

SVe’e)] which is the average of Pearson correlation between two pairs 

of vectors. 

 Option 2.  ES (e, e’) = Average [CosSim(SVee, SVee’) , CosSim 

(SVe’e’, SVe’e)] which is the average of cosine similarity between two 

pairs of vectors. 

- Comparison between cosine similarity and Pearson correlation.  
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 Cosine Similarity 

CosSim x, y 	
∑

∑ ∑

,

| | || ||
, 

where <x, y> is the dot product.  

 Pearson Correlation 

Corr x, y 	
∑ ̅

∑ ̅ ∑
 

	
̅ ,

‖ ̅‖‖ ‖
 

CosSim ̅,  

Correlation is the cosine similarity between centered versions of x and y, 

again bounded between -1 and 1 

 

CHAPTER8. Experimental Result of Cross Similarity Vector 

Approach 

8.1. Experimental evaluation of CSV (Cross Similarity Vector) 

approach 

In this section, the validity of CSV approach will be evaluated by comparing CSV 

result, name similarity, and existing structural measure according to various 
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Table 8. The result of CSV approach for two schema with same topological 

structure 

Source Target Match Name 

Similarity 

Structure-based CSV 

measure 

cust customer O 0.9 Uniquely match 0.748467 

cust CID X 0 Not match -0.1 

cust name X 0 Not match -0.3 

cust phone X 0 Not match 0.143 

CustID customer X 0.625 Not match 0.01 

CustID CID O 0.5 Match but Not 

Unique 

0.61 

CustID name X 0 Match but Not 

Unique 

-0.13 

CustID phone X 0 Match but Not 

Unique 

-0.21 

cname customer X 0.65833333 Not match 0.224 

cname CID X 0 Match but Not 

Unique 

0 

cname name O 0.93333333 Match but Not 

Unique 

0.8 

cname phone X 0.46666666 Match but Not 

Unique 

0.3 
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phoneNo customer X 0.51190476 Not match 0.1 

phoneNo CID X 0 Match but Not 

Unique 

-0.25 

phoneNo name X 0.46428571 Match but Not 

Unique 

0.32 

phoneNo phone O 0.94285714 Match but Not 

Unique 

0.99 

 

8.1.2. CSV evaluation - Two schema which have different structure 

In this section, the schemas which have different topological structures is tested for 

evaluation. The distorted schema from prior section is used for this experiment (see figure 

below). 
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cust phone X 0 Not match -0.22 

CustID customer X 0.625 Not match 0.32 

CustID CID O 0.5 Match but Not 

Unique 

0.72 

CustID name X 0 Match but Not 

Unique 

-0.6 

CustID phone X 0 Match but Not 

Unique 

-0.21 

phoneNo customer X 0.51190476 Not match 0.1 

phoneNo CID X 0 Match but Not 

Unique 

0.209 

phoneNo name X 0.46428571 Match but Not 

Unique 

0.38 

phoneNo phone O 0.94285714 Match but Not 

Unique 

0.99 

 

 

8.1.3. Overall matching performance of CSV 

To prove the efficiency of CSV approach, we compare the matching performance 

between two cases: with only string-based measure vs. with string-based measure 

and its CSV measure. As a string-based measure, jaro-winkler measure are used. 

Matching strategy is adopted from Part 4 of this dissertation. We conduct 20 times 
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of training and testing for each case and compare the average F-measure. The 

difference of F-measure for each case is statistically tested based on t-test. Figure 

below shows the distribution of f-measure for each matching experiment.  

 

Figure 15. The distribution of f-measure – with only jaro-winkler vs. with 

jaro-winkler and its CSR. 

 

CSR measure can make statistical different when it is used with string-based 

matcher. Table below shows the summary of statistical test.  
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Table 9. Summary of statistical test for the effect of CSR 

Unpaired t test   

P value 0.0005 

P value summary *** 

Are means signif. different? (P < 0.05) Yes 

One- or two-tailed P value? Two-tailed 

t, df t=4.199 df=18 

 

 

 

8.2. Discussion for CSV based on experiment result 

CSV measure returns significantly better performance than existing structural measure 

which reflect the morphological property of schema element. CSV is dimension free. 

Though each source and target element has different number of neighbour elements, the 

metric does not be affected from the situation (the number of neighbour element indicates 

the dimension of cross similarity vector). By reflecting the context structure of schema 

element, the effect of simple structural change such as the change of ancestor, siblings’ 

number is dramatically diminished.  

There are two option to calculate the CSV measure as stated in preliminary 

chapter. We adopt the Pearson correlation-based measure to calculate the similarity between 

cross similarity vector. Comparing to the cosine similarity measure, Pearson measure show 

better performance.  
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The jaro-winkler measure is used for similarity function Sim(c1, c2) to 

compute the components of cross similarity vectors in the experiment. Other 

alternatives for similarity function such as edit distance measure, N-gram measure 

also show very robust result. We do not use the semantic measure for similarity 

function because most of schema elements should be manually processed to extract 

the abbreviations to apply semantic measure.  
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PART4. LERANING-BASED MATCHER 

COMBINATION STRATEGY 

CHAPTER9. Combinational and Hybrid Matcher Scenario 

9.1. Schema Matching – Multiple Matcher Approach 

Single matcher generally focuses on solving specific matching situation. This 

means each single matcher utilizes different information from different matching 

scenario and individual matcher tend to have applicability and value for a specific 

given matching task. To implement schema matching for more general matching 

problem, more individual matchers should be integrated and composed according 

to given matching situation. Therefore, a matcher that uses just one matching 

approach is unlikely to accomplish as many good match candidates as one that 

combines several approaches (Rahm and Bernstein 2001).  

There're two way of combining different matcher: hybrid and composite 

match approach. The hybrid approach utilize different match criteria within a 

single algorithm. By contrast, a composite match approach combines the results of 

several independently executed match algorithms, which can be simple (based on a 

single match criterion) or hybrid (Do and Rahm 2002). This enables a high 

flexibility, as there is the potential for selecting and combining the match 

algorithms to be applied based on a condition of given matching task. 

Early research of composite matcher approach can be find in few research 
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(Doan et al. 2001, Embley et al. 2002, Doan et al. 2002). These studies adopt 

machine learning approach to implement composite matcher but they fail to fully 

utilize the strengths of composite matcher such as its flexibility and applicability to 

various matching scenario. Comparing theses research, COMA/COMA++ shows 

better performance and flexibility by using advanced matcher combination. 

COMA++ execute whole individual matchers and the result is aggregated into 

similarity cube. Though COMA++ does not show the scientific method to decide 

weighting parameters and matching threshold, it is high level of matching 

performance with abbreviation processing and user feedback. Most schema 

matching research adopt the result of COMA++ as their benchmark. Cupid 

represents a sophisticated hybrid match approach combining a name and structural 

match algorithm, which derives the similarity of elements based on the similarity 

of their components (the name and data type similarities in leaf level). In a 

comparative evaluation Cupid was generally more effective than earlier match 

prototypes such as Dike (Palopoli et al. 2000) and Momis (Bergamaschi et al.). 

In past research on combinational matching approach, some weaknesses 

can be found. Most of parameter tend to be determined based on iterative approach. 

Due to the lack of rigorous and scientific justification, criteria for deciding 

parameter seem very arbitrary. In addition, matching result strongly depends on a 

human intervention in the case of semi-automatic schema matching. Most of 

schema elements are typed in abbreviation form according to the habit of database 

modeller. This point is one of the most difficult problem to make schema matching 
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fully automatic.  

In this part, I suggest fully automated schema matching using multiple matchers 

without any human intervention. By transforming the multiple matcher 

combination into learning-based classification problem, the complexity of 

combination problem decrease as the number of matcher increase. The matchers 

used for matching algorithm are selected based on the learning algorithm and 

utilized for features for classification. As matcher10 returns real value between 1 

and 0, I can enjoy the pre-normalized property of each feature. Machine learning-

based classification tend to perform better as features has same scale. In next 

section, I revisit the formal representation of schema matching for transformation 

of matching into classification problem.  

 

9.2. Formal Representation of Schema Matching Task 

Schema matching has been defined throughout many past research. In the early 

research on schema matching, it is defined as the process of matching vertices of 

the source schema graph with vertices of the target schema graph (Milo and Zohar 

1998). Giunchiglia et al. (2005) proposes a concept of semantic schema matching 

that is based on the two ideas: (1) discovering mapping by computing semantic 

relations such as equivalence, more general, etc; (2) determining semantic relations 

by analysing the meaning (concepts, not labels) which is codified in the elements 

                                          
10 Many kind of similarity measures for string comparison are adopted.  
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Source and Target schema should be parsed into their schema element to find a 

correspondence between their elements.  External information and resource such 

as dictionary, WordNet (Christiane 1998) might be loaded before match operation. 

Match operation might use single or multiple matching algorithms. In multiple 

matcher approach, the way of combination among matchers should be determined. 

Most common form of combination is weighted sum of individual matcher11. In 

this case, Match operation can be expressed below. 

Match(e1, e2) = w1sim1(e1, e2)+ w2sim2(e1, e2)+….+ wnsimn (e1, e2) 

where wn is the weight of n-th similarity measure, and e indicate the parsed 

schema element. Every possible pairs of schema elements will be calculated using 

Match operation and pairs whose value of Match operation exceed threshold are 

classified into match result (i.e., set of matching correspondence). In this regard, 

weights for individual similarity measure and threshold can be considered as the 

parameter for matching process.  

 

 

 

  

                                          
11 In this dissertation, individual matcher indicate a measure for calculating similarity 
between schema elements. 
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Step1. Observe the training set 

- What makes difference between groups? 

- Choose features for classification (Feature selection / extraction) 

- Make N-tuples of features 

Step2. Train the machine 

- Using selected feature, machine can be trained.  

- Select appropriate classification models/ algorithms 

Step3. Machine classified the test set 

- Evaluate the classification result for test data set. 

 

Throughout the classification process, feature selection is one of most 

critical stage to improve the performance of classifier. Features who have higher 

statistical power to distinguish the training set should be extracted for test data. 

Generally, the more feature return higher classification performance. However, as 

the computation also increase as the number of feature increase, an appropriate 

number of feature should be determined for large-scale data set classification. 

Overall statistical classification process is depicted in figure below.  
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10.3. Schema Matching Problem as a Learning-based Classification 

Based on prior discussion on the relationship between schema matching and 

classification problem, we can figure out how their transformational relationship 

should be.  

In transformed process, each similarity measure in multiple matcher 

approach can be regarded as the feature that appropriately represent the property of 

classified group. Multiple matcher approach with n-similarity measure is 

transformed into the classification problem in n-dimensional feature space. Match 

operation is  

Match(e1, e2) = w1sim1(e1, e2)+ w2sim2(e1, e2)+….+ wnsimn (e1, e2) 

and each result of match for pairs of schema elements can be expressed in the 

feature vector form with label12 

Feature vector = (f1, f2, …., fn) = (sim1(e1, e2), sim2(e1, e2),…., simn(e1, e2)) 

The details of transformation will be presented in chapter 12.  

As we deal the matching problem as classification, matching process can 

be explained in more easy and less complex manner. In matching problem, 

especially in the case of linear combination approach of individual matcher, the 

computational complexity is proportional to the number of matcher used. If we add 

some similarity measure for multiple matching, the complexity to decide matching 

                                          
12 In this case, label is not expressed in formula.  
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parameter is increase. In contrast, insert similarity measure in classification 

problem means that the dimension of feature space increase. This does not mean 

that the complexity of classification increase.  

For successful learning-based classification, it is important to select 

appropriate classification algorithms and apply this algorithm to classification 

model. In this regard, next chapter will be dedicated to explain the concept of 

representative classification algorithms.  

CHAPTER11. Machine Learning Algorithms for Classification 

11.1. K-Nearest Neighbor Algorithm 

In machine learning and pattern recognition, the k-Nearest Neighbors algorithm (or 

k-NN for short) is a non-parametric method used for classification and regression 

(Altman 1992). The training sets are feature vectors in n-dimensional feature space, 

each with a class label, i.e., membership. The training step of the algorithm stores 

the feature vectors and class labels of the training samples. One training sample is 

considered as one feature vector. In the classification step, k is a user-defined 

constant, and an unlabelled vector (a query point) is classified by assigning the 

label which is most frequent among the k training samples nearest to that query 

point. KNN has some strong consistency results. As the amount of data approaches 

infinity, the algorithm is guaranteed to yield an error rate no worse than twice the 

Bayes error rate (the minimum achievable error rate given the distribution of the 

data) (Cover and Hart 1967). A commonly used distance metric for continuous 



68 

variables is Euclidean distance. Euclidean distance between the point x and u in the 

n-dimensional vector space is  

d x, u 	 . 

The basic KNN classification uses uniform weights: that means the value 

assigned to a query point is computed from a simple majority vote of the nearest 

neighbor. Under some circumstances, it is better to weight the neighbors such that 

nearer neighbors contribute more to the fit. In this case, the invers of distance 

become the weights.  

KNN has many strengths; easy to understand and to implementation using 

programming language such as Java, Python, etc as well as machine learning 

package software. In addition, it is easy to hand the missing value by restricting 

distance calculation to subspace. The asymptotic misclassification rate (as the 

number of data points n goes to infinite) is bounded above by twice the Bayes error 

rate (Duda and Hart 2002). 

On the other hand, KNN algorithm tends to be affected by local structure. 

To calculate the distance in n-dimensional space, the computational expense is 

relative higher than other algorithms. It also needs large memory requirement in 

large test sample case as all of the sample data should be hold while machine 

classify test data.  

Determining k is one of the most important task and the performance of 
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KNN is likely to depend on appropriate k. If we choose smaller k, the result have 

higher variance with less stable. In larger k scenario, results have higher bias with 

less precision. Proper choice of k depends on the data. k is usually determined 

through iterative training and evaluation. The general thumbs-up rule is to assign 

the square-root of the number of features to k. 

 

11.2. Supported Vector Machine 

In machine learning, support vector machines (SVM) are supervised learning 

methods with associated learning algorithms that analyze data and recognize 

patterns, used for classification and regression analysis. Given a set of training sets, 

each marked as belonging to one of two categories, an SVM training algorithm 

builds a model that assigns new samples into one category or the other, making it a 

non-probabilistic binary linear classifier. An SVM model is a representation of the 

examples as points in n-dimensional feature space, mapped so that the examples of 

the separate categories are divided by a clear gap that is as wide as possible. If we 

fail to make a clear gap, transformation can be applied to make enough margin 

between hyper plane and points in category. New examples are then plotted into 

that same space and predicted to belong to a category based on which side of the 

gap they fall on.13 

                                          
13 Modified from Wikipedia , support vector machine 

http://en.wikipedia.org/wiki/Support_vector_machine  
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The advantages of support vector machines are (Pedregosa et al. 2011): 

 Effective in high dimensional spaces. 

 Still effective in cases where number of dimensions is greater than the 

number of samples. 

 Uses a subset of training points in the decision function (called support 

vectors), so it is also memory efficient. 

 Versatile: different Kernel functions can be specified for the decision 

function. Common kernels are provided, but it is also possible to 

specify custom kernels. 

The disadvantages of support vector machines include (Pedregosa et al. 2011): 

 If the number of features is much greater than the number of samples, 

the method is likely to give poor performances. 

 SVMs do not directly provide probability estimates, these are 

calculated using an expensive five-fold cross-validation. 

Representative SVM approaches are linear and non-linear SVM. Linear SVM finds 

Maximum-margin hyper-plane and margins for an SVM trained with samples from 

two classes. Samples on the margin are called the support vectors. Its concept is 

depicted in figure below.  
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The algorithm makes a multiway tree, finding for each node the categorical feature 

that will yield the largest information gain for categorical targets. Trees are grown 

to their maximum size and then a pruning step is usually applied to increase the 

ability of the tree to generalize to test data. 

C4.5 is the successor to ID3 and removed the limit that features must be 

categorical by dynamically defining a discrete attribute (based on numerical 

variables) that partitions the continuous attribute value into a separate set of 

intervals. C4.5 changes the trained trees (i.e. the output of the ID3 algorithm) into 

sets of if-then rules. These accuracy of each rule is then evaluated to determine the 

order in which they should be applied. Pruning is done by removing a rule’s 

precondition if the accuracy of the rule improves without it. 

C5.0 is Quinlan’s latest version release under a proprietary license. It uses 

less memory and builds smaller rulesets than C4.5 while being more accurate. 

CART (Classification and Regression Trees) is very similar to C4.5, but it 

differs in that it supports numerical target variables (regression) and does not 

compute rule sets. CART constructs binary trees using the feature and threshold 

that yield the largest information gain at each node (Pedregosa et al. 2011). 

Information gain is based on the concept of entropy from information theory. 

	  

Decision tree has been used for many advantage since it has been introduced. It is 
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very simple to understand and interpret due to the intuitive structure and requires 

little data preparation. Also it is able to hand both numerical and categorical data 

and possible to validate a model using statistical tests. It usually shows a robust 

performance and performs well with large data sets. In contrast, the problem of 

learning an optimal decision tree is known to be NP-complete under several aspects 

of optimality and even for simple concepts (Hyafil and Rivest 1976, Murthy 1998). 

Decision-tree learners can create over-complex trees that do not generalise well 

from the training data (known as over-fitting) (Hand 2001) 

 

CHAPTER12. Learning-based Matcher Combination 

12.1. Supervised Learning-based Binary Classification for Schema 
Matching 

In chapter 10, we already scrutinize the possibility of transformation of matching 

problem into learning-based classification. In this section, we firstly propose the 

multiple matcher approach for schema matching based on the concept of 

supervised-learning based binary classification. Overall process of schema 

matching based on classification can be depicted in figure below. 
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representing high dimensional feature space. For a given training pairs (e1, e2) that 

is labelled, feature vector might be expressed in 

(e1, e2) = (f1, f2, …., fn) = (sim1(e1, e2), sim2(e1, e2),…., simn(e1, e2)) 

This means one sample training pairs will be plotted as one point in n-

dimensional feature space. With these training feature vectors and a given 

classification algorithm, a classification model is defined. After machine is trained, 

input pairs of schema element presented in feature vector form are loaded for 

getting label; match or not-match.  

12.2. Similarity Measures as Features in Classification 

A feature selection16 is the process of selecting a subset of relevant features for use 

in classification model construction. This process is very critical step for enhancing 

the classification performance. The main assumption of a feature selection is that 

data in feature space may contain many redundant or irrelevant features. By 

performing feature selection, training time can be reduced and the model 

interpretability can be improved comparing adopting all the features without 

selection.  

In multiple matcher approach of schema matching as classifier, individual 

matcher (similarity measure) is considered as single feature. Prior to selecting 

feature, each similarity measure used for classification should be examined in 

                                          
16 A feature selection is also known as variable selection, attribute selection or 

variable subset selection.  
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advance.  

 

12.2.1. Semantic similarity measure 

 

-  Topological Method. 

The study of similarity between concepts is meant to discover how a computational 

process can model the action of a human to determine the relationship between two 

concepts. The reason that many studies on semantic relatedness or semantic 

similarity use semantic networks is that the system of human knowledge can be 

well expressed in the form of a network. Therefore, many topological methods 

using human knowledge expressed in the form of a network have produced 

relatively good performance. 

The topological method is used to calculate relatedness or similarity 

between concepts based on various forms of a semantic network including a 

hierarchical taxonomy. The nodes in a network represent concepts, and ways to 

measure the conceptual similarity between two nodes are also regarded as ways to 

determine the conceptual similarity of two words (i.e., two nodes in a network). 

Approaches to measuring semantic relatedness or similarity can be categorized as 

node-based or edge-based, which are also called the information content approach 

and the conceptual distance approach, respectively. 

 

Node-based approach 
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The node-based approach is used to calculate similarity between concepts based on 

how much information the two concepts share in terms of a semantic network or 

taxonomy. This is why the node-based approach is also called the information 

content approach. The node-based approach is mostly based on Resnik’s ideas, 

which are built on information theory (Resnik 1995). According to information 

theory, the information content (IC) of concept C can be quantified as follows: 

 

IC(C) = log-1P(C), 

 

where P(C) is the probability of encountering an instance of concept C. Based on 

this definition, the similarity between two concepts can be formally defined as 

follows: 

 

sim (c1, c2) = max [IC(c)], c ∈ Sup(c1, c2), 

 

where Sup(c1, c2) is a set of concepts that subsume both c1 and c2. Resnik only 

considered the information content of the least common subsumer (lcs), which has 

the shortest distance from the two concepts being compared. An lcs is a concept in 

a lexical taxonomy (e.g., WordNet). 

Based on Resnik’s information content approach, Lin (Lin, 1998) 

proposed a similarity theorem for measuring the distance between two concepts. 

The similarity between A and B is measured by the ratio between the amount of 
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information needed to state their commonality and that needed to fully describe 

them: 

 

 

sim A,B 	
log P(common A,B )

log P(description A,B )
 

 

Hence, if we know the commonality of two concepts, their similarity indicates how 

much additional information is required to define the two concepts. 

Couto et al. (2007) used the node-based approach to calculate semantic 

similarity between concepts in gene ontology (GO) through a graph-based 

similarity measure, called GraSM. They used all the information in the graph 

structure of the GO instead of considering it a hierarchical tree. Their measure of 

semantic similarity between GO terms demonstrated its greater effectiveness by 

obtaining a higher correlation using disjunctive common ancestors than using only 

the most informative common ancestor. 

 

Edge-based approach 

The edge-based approach is more natural and intuitive than the node-based 

approach for calculating semantic similarity in a semantic network. This approach 

estimates the distance between the nodes that correspond to the concepts being 

compared. Obviously, the shorter the distance between two nodes, the greater is 

their similarity. 
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Rada et al. (1989) as well as Rada and Bicknell (1989) adopted this 

approach for a hierarchical semantic network of terms used for indexing articles in 

the bibliographic retrieval system MEDLINE, which uses medical subject headings 

(MeSH). Their principal assumption for evaluating semantic similarity was that 

“the number of edges between terms in the MeSH hierarchy is a measure of 

conceptual distance between terms Rata et al., 1989, p. 18).” Based on this 

assumption, the distance between document Doc and query Q is defined as follows: 

 

,),(
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where d(ti, tj) is the minimal number of edges in a path from ti to tj within a 

hierarchy. 

Lee et al. (1993) demonstrated an information retrieval method based on 

conceptual distance in IS-A hierarchies. They developed a method called the 

knowledge-based extended Boolean model, called KB-EBM, which involves a 

primitive distance function. Given terms ti and tj in an IS-A hierarchy, the distance 

(which is often called the primitive distance function) between the terms is as 

follows: 

 

Distance (ti tj) = minimal number of IS-A relationships between ti and tj 

 

- Statistical Method 

The statistical method can be a good alternative for measuring similarity between 
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concepts. This method is used to compute similarity by analyzing auxiliary 

information, such as a corpus or dictionary, in a statistical way. Applications of 

pointwise mutual information (PMI) or latent semantic analysis (LSA) can be taken 

as representative of this method. 

PMI of data collected by information retrieval (PMI-IR) was proposed by 

Turney (2001) as an unsupervised measure of semantic similarity of words. PMI-

IR is based on word co-occurrence by using counts accumulated over very large 

corpora (e.g., the Web). Given two words w1 and w2, their PMI-IR is measured as 

follows: 

 

PMI-IR , log 	
P( &	 )

P( )*P( )
 

which indicates their degree of statistical dependence and can be used as a measure 

of their semantic similarity. 

Another statistical measure of semantic similarity is the result of the latent 

semantic analysis (LSA) proposed by Landauer et al. (1998). LSA is a “method for 

extracting and representing the contextual‐usage meaning of words by statistical 

computations applied to a large corpus of text (p. 259).” In LSA, term 

co-occurrences in a corpus are captured by means of a dimensionality reduction 

and singular value decomposition of the term-by-document matrix representing the 

corpus. 

12.2.2. Non-semantic measure (String Comparison) 

- N-gram comparison 
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In computational linguistics, an n-gram is a continuous sequence of n letters from a 

given sequence of text or speech. An n-gram of size 1 is referred to as a "unigram"; 

size 2 is a "bigram"; size 3 is a "trigram". Using this n-gram concept, similarity 

measure can be defined. N-gram string comparison measure is define as: 

2 ∙ | ∩ |
| | |

 

Where n-gram(X) is a multi-set of letter n-grams in X. 

 

- Jaro-Winkler Metric 

The Jaro–Winkler distance (Winkler, 1990) is a measure of similarity between two 

strings. It is a variant of the Jaro distance metric (Jaro 1989, 1995), a type of string 

edit distance. The Jaro metric is not basd on edit distance model.  

Given strings s=a1a2…aK, and t = b1b2…bL, define a character ai in s to be common 

with t there is a bj = ai in t such that i-H≤j≤i+H,  

Where H
	 | |,| |

. Let s’=a’1a’2…a’K’, be the characters in s which are 

common with t (in the same order they appear in s) and let t’ = b’1b’2…b’L’, be 

analogous; now define a transposition for s’, t’ to be a position i such that a’i≠b’i. 

Let Ts’,t’ be half the number of transpositions for s’ and t’. The Jaro similarity 

metric for s and t is  

Jaro s, t
1
3
	 ∙
| |
| |

| |
| |

| | ,

| |
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A variation of this uses the length P of the longest common prefix of s and t. Let P’ 

= max(P,4), Jaro-Winkler can be defined as: 

Jaro Winkler s, t ,
10

∙ 1 ,  

The Jaro and JaroWinker metrics are optimal for comparing short strings such as 

names.  

- Levenshtein Distance and Ratio 

In information theory, the Levenshtein distance is a string metric for measuring the 

difference between two string sequences. Informally, the Levenshtein distance 

between two words is the minimum number of single-character edits (i.e. insertions, 

deletions or substitutions) required to change one word into the other. It is named 

after Vladimir Levenshtein, who considered this distance in 1965 (Levenstein 

1966). 

 

, , 	

max , 																																 min , 0

min
, 1, 1

, , 1 1

, 1, 1 1
						 .																											

 

 

Table below shows the comparison of three non-semantic string similarity 

measures.  
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Table 10. Comparisons of Representative Non-semantic String Similarity 

Measures 

Measure Properties 

N-gram comparison  

(tri-gram) 

- segmentation-based matching 

- n: size of segmentation (2~3) 

Jaro-Winkler Metric - character-transposition measure 

- best suited for short strings  

Levenshtein Distance and Ratio 

(Sequence Matching) 

- From DNA sequence matching 

algorithm 

- Character-by-character 

comparison 
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CHAPTER13. Experimental Evaluation of Learning-based 

Matcher Combination Strategy 

13.1. Experiment Setting 

13.1.1. Features for Classification Models 

To evaluate the learning based schema matching algorithm, we set up the schema 

matching scenario and implement the matching framework using programming 

language Python 2.7 (Van Rossum 2010). Python language has many kind of strong 

library to implement various machine learning algorithms. In this dissertation, most 

of classifiers are implemented using scikit-learn17 python library (Pedregosa et al. 

2011). In addition to this library, many kind of computational linguistic approach is 

necessary to realize the data matching. To cover tasks related to computational 

linguists, NLTK library18 is used (Bird et al. 2009).  

Features candidate for learning models are selected based on the degree of 

explained variance. Total eight similarity measures are used for base features from 

semantic and non-semantic matching measures (see the list below).  

- Semantic matching measure: path similarity, Wu-palmer measure, Lin 

measure, Resnik measure (Auxiliary data: WordNet, Rodget’s thesaurus, 

Brown Corpus).  

                                          
17 This package is available at http://scikit-learn.org/stable/index.html 

18 This package is available at http://www.nltk.org/ 
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- Non-semantic matching measure (Syntactic measure): Levenshtein distance, 

Jaro similarity, Jaro-winkler similarity, N-gram distance. 

Some of semantic network-based measures need auxiliary data such as thesaurus, 

ontology, etc. We utilize the external data including WordNet, Rodget’s thesaurus, 

and Brown Corpus from NLTK library.  

In most of schema matching scenario, semantic matching measures fail to 

find correspondence between schemas elements as most of the element name are 

not found in their external data. An element name with abbreviated form should be 

pre-processed before the matching sequence is performed. In this case, however, 

each abbreviated element name should be extended and reformed by human, it 

violates the philosophy of automatic systems development. Most of semi-automatic 

matching systems have tended to load the pre-defined abbreviation dictionary to 

improve their matching quality. However, these approach strongly depends on the 

quality of abbreviation dictionary. In this dissertation, we did not include any kind 

of human-task at all.  

As a result, we select three similarity measures as features for learning-

based classification model; n-gram comparison, Jaro-Winkler metric, and 

Levenstein edit distance measures. Each of selected measures has lower inter-

correlation because each of them adopt different property of string and sum of 

explained variance by three features are over 0.8.  

13.1.2. Test data for Matching 

Four our evaluation we used five XDR schemas for purchase orders, CIDX, Excel, 
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Noris, Paragon and Apertum as other representative prototypes used for evaluation. 

These data have common domain, purchase order, which has various schema 

elements to represent the property of purchase information in E-commerce 

environment. The detail specification of test data can be found in table below.  

 

Table 11. Specification of Test Schema 

Name Type # of nodes 

CIDX XDR 27 

Excel XDR 32 

Noris XDR 46 

Paragon XDR 59 

Apertum XDR 74 

 

In addition to these data, we use other dataset used for evaluation of other 

research and prototypes. Test schema for purchase order is used to compare the 

performance of proposed method with existing representative algorithms. To show 

the robustness and generalizability of proposed approach, we used additional data 

and they will be explained in following section, Experimental Result.  

13.1.3. Classification Algorithms for Schema Matching 

There are many kind of machine learning algorithms and selecting appropriate 

algorithm that fits on the learning situation is one of the most important step in 
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machine learning application. We already review some representative algorithms 

for classification and their properties. In this section, the comparison between 

algorithms for schema matching is presented and discuss which algorithms will be 

appropriate for given schema matching situation. Kotsiantis (2007) scrutinized the 

strengths and drawbacks of supervised machine learning algorithms. 19  The 

comparison of supervised learning is presented in table below which is modified 

from Kotsiantis’s (2007) comparison table.  

 

Table 12. Comparing learning algorithms (**** stars represent the best and * 

star the worst performance) 

 Decisio

n Tree 

Naïve 

Bayes 

kNN SVM Rule-

learner 

Accuracy in general ** * ** **** ** 

Speed of learning w.r.t. 

number of attribute and 

instance 

*** **** **** * ** 

Speed of classification **** **** **** * ** 

Tolerance to missing 

value 

*** **** * ** ** 

Tolerance to highly 

interdependent attribute 

** * * *** ** 

Dealing with **** ***  ***  **  ***  

                                          
19 In this dissertation, only supervised learning will be dealt with as a schema matching 

problem needs the learning process to predict the label of test data.  
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discrete/binary/continuo

us attribute 

not 

continuous

not 

discrete 

not 

discrete

not 

continuous 

Model Parameter 

Handing 

*** **** *** * *** 

 

As we can find in the table, naïve bayes and rule-learner are not 

applicable to continuous attribute case. Considering that the normalized semantic 

similarity measures are used for features, these two algorithms are not appropriate 

for schema matching task. In terms of overall accuracy, support vector machine 

show better performance but its learning speed and parameter handling might be 

critical weaknesses. kNN algorithms shows moderate performance in most of 

criteria. We choose three learning algorithms; kNN, SVM and Decision Tree 

(CART). To implement classification model, some parameters should be tuned to 

make prediction for test data. Table below show the parameters for each 

classification algorithm.  

 

Table 13. Parameters for selected machine learning-based classifier 

Common Parameter for Machine Learning 

Size of Training 

Set 

~5% 
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Major Parameter for Predict Model 

Algorithm Parameter Type Parameter Setting 

K-nearest 

Neighbor (KNN) 

- K 

- Weight 

- 1~5 

- Uniform/Distance 

Support Vector 

Machine 

- Kernel Type - Linear 

- Gaussian (RBF) 

Decision Tree 

(CART) 

- Minimum 

sample leaf 

- Information 

Gain 

- 2 

- Gini impurity 

 

13.2. Experiment Result of schema matching – CIDX and Excel 

purchase order schema 

13.2.1. Result of matching based on kNN 

First, we conduct schema matching as a classification with kNN algorithms. CIDX 

purchase order schema and Excel purchase order schema are used as source and 

target schema. In kNN, k is one of the most parameters and thumbs up rule is to 

select k as the square root of the number of features in uniform weight case. Total 

matching dimension is 27×32 and we take matching and un-matching pairs of 

schema element as sample training data. Training data is randomly selected from 
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matched and un-matched pairs and the evaluation20 is repeated ten times. All the 

values are the average of ten training and test result.  

- Uniform-weighted kNN 

First, we take two matched and unmatched pairs as training data. As increase the 

number of training data, the evaluation criteria is examined. Details of experiment 

result is summarized in table below.  

 

Table 14. The result of kNN with uniform weighting scheme (training size 2~5) 

k 1 2 3 

precision 0.3293379 0.4404863 0.413732 

recall 0.7469481 0.6481061 0.7065079

f-measure 0.4305547 0.5194772 0.5178629

Sample size: 2 pairs of matched and unmatched schema elements set. 

 

k 1 2 3 4 5 

precision 0.3358095 0.5897243 0.425907 0.476343 0.3050838 

recall 0.7897908 0.6394661 0.6991558 0.6594264 0.6838925 

f-measure 0.4615186 0.6106573 0.52545 0.5506764 0.400974 

Sample size: 3 pairs of matched and unmatched schema elements set. 

                                          
20 The evaluation methods of schema matching are adopted from Do et al. 2003.  
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k 1 2 3 4 5 

precision 0.342791 0.5612904 0.4479364 0.3938944 0.4409692 

recall 0.8058478 0.7347511 0.6972872 0.746075 0.7180628 

f-measure 0.4801553 0.6345765 0.5385469 0.5117465 0.5419722 

Sample size: 4 pairs of matched and unmatched schema elements set. 

 

k 1 2 3 4 5 

precision 0.3792674 0.5941673 0.3956395 0.4829418 0.3809936 

recall 0.7837843 0.7037157 0.8368579 0.6947294 0.8081602 

f-measure 0.4931309 0.6422512 0.5254973 0.5641508 0.516274 

Sample size: 5 pairs of matched and unmatched schema elements set. 

As the sample size increase, the overall evaluation measure is improved. In 

addition, we conclude that k is the critical factor affecting the performance of 

schema matching. Figure below shows the value of f-measure with respect to k and 

sample size.  
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Table 15. The result of kNN with distance-based weighting scheme (training 
size 2~5) 

k 1 2 3 

precision 0.3110721 0.3968701 0.4281441

recall 0.7360065 0.7317027 0.7548449

f-measure 0.4328101 0.5120707 0.5442223

Sample size: 2 pairs of matched and unmatched schema elements set. 

 

k 1 2 3 4 5 

precision 0.4214156 0.3858844 0.3978154 0.4777269 0.440949 

recall 0.7330123 0.8031421 0.7492496 0.792684 0.7152994 

f-measure 0.5314169 0.5173123 0.5154735 0.5947629 0.5406731 

Sample size: 3 pairs of matched and unmatched schema elements set. 

 

k 1 2 3 4 5 6 

precision 0.3550972 0.3564426 0.3819648 0.5157942 0.5717456 0.447079

recall 0.7785642 0.8834668 0.7846681 0.7326082 0.6821537 0.785386

f-measure 0.4761777 0.506185 0.507714 0.6007633 0.6213285 0.5692857

Sample size: 4 pairs of matched and unmatched schema elements set. 
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k 1 2 3 4 5 6 

precision 0.3913702 0.4502505 0.4065334 0.4381779 0.5275084 0.4894695

recall 0.7396501 0.8447258 0.810772 0.8395346 0.7588348 0.7734812

f-measure 0.5088621 0.5674944 0.5380513 0.5737644 0.6217626 0.5976742

Sample size: 5 pairs of matched and unmatched schema elements set. 

 

In distance-based weight scheme, optimal k value is larger than uniform weight 

case21. Though f-measure shows first peak value in k=2, higher peak is detected in 

k = 5. The tables are summarized in figure below. In distance-based weighting 

scheme, k tends to have larger value than uniform weight scheme. k=4~5 has their 

peak value of f-measure.  

 

                                          
21 In distance-based weight scheme, generally, optimal k tends to be larger than 

uniform weight case. 
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As sample size increase, the overall performance of schema matching increase. The 

f-measure is saturated when the sample size is larger than 4. The experimental 

result is summarized in figure below.  

 

Figure 25. The result of SVM-based schema matching with linear kernel 
function 

 

 

SVM with Gaussian rbf kernel also shows moderate matching result. It shows 

similar performance as SVM with a linear kernel. Result is summarized in table 

below.  
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Figure 26. The result of SVM-based schema matching with rbf kernel function 

 

13.2.3. Result of matching based on Decision Tree 

There are many kind of decision tree algorithms. Each algorithm has its own fitness 

to classification situation and we should select the appropriate decision tree 

algorithms for schema matching research. Most representative decision tree 

algorithms are summarized in table below and we select the suitable algorithm 

based on this.  
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Table 18. Comparison of Representative Decision Tree Algorithms22 

 

Method CHAID CART C4.5 

Splitting Criterion Chi-square 

statistics 

Gini Index Information Gain 

Ratio 

Merging process Optimal grouping 

test for similarity 

Binary Grouping No merging 

Recommendation 

Situation 

Exploratory Phase

Handling very 

large dataset 

Classification 

with reliability 

No complicated 

settings 

Small dataset 

Not sensitive to 

the setting 

Not 

Recommended 

when 

Classification 

performance 

matters 

Small dataset Three size 

increases with the 

dataset size 

Based on the comparison table and the analysis of each decision tree algorithm in 

chapter 11, we select CART for schema matching task. In CART algorithm, Gini 

impurity is a measure of how often a randomly chosen element from the set would 

be incorrectly labeled if it were randomly labeled according to the distribution of 

labels in the subset. Gini impurity can be computed by summing the probability of 

each item being chosen times the probability of a mistake in categorizing that item. 

                                          
22 This table is established based on the contents of Breiman et al. 1984 and 

http://en.wikipedia.org/wiki/Decision_tree 
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Figure 27. The result of schema matching with CART decision tree algorithm 

In next section, we examine additional schema matching scenario to evaluate the 

applicability of proposed approach. More sample schemas of purchase order are 

used for evaluation and cross training-based schema matching is also performed to 

validate the general applicability of proposed approach.  

13.2.4. Additional Experiment using various sample schemas 

In this section, we evaluate the proposed approach using the purchase order 

schemas which are specified in section 13.1.2. Matching between Noris and 

Apertum, and Excel and Paragon purchase order schemas are performed.  

- Matching between Noris and Apertum purchase order schema 

The matching result of Noris and Apertum schema is presented in table below. The 

result of kNN and SVM-based matching shows higher performance than decision 
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tree-based matching. F-measure in most parameter settings has value about 0.8.  

 

Table 20. Matching result – Noris and Apertum purchase order schema 

kNN algorithms with uniform weighting scheme 

training size: 2 

k 1 2 3   

precision 0.1857998 0.7312982 0.7297794   

recall 0.9052954 0.7743122 0.857134   

f-measure 0.306809 0.7510486 0.7881949   

training size: 3 

k 1 2 3 4  

precision 0.5078518 0.6944944 0.6932934 0.7272727  

recall 0.8916667 0.739224 0.870097 0.8137213  

f-measure 0.6350278 0.7138001 0.7711896 0.7668211  

training size: 4 

k 1 2 3 4 5 

precision 0.2630678 0.6275179 0.729502 0.6775784 0.6964164 

recall 0.8835538 0.7468827 0.7877601 0.7580071 0.8767284 

f-measure 0.3935309 0.672593 0.7570643 0.713245 0.7760244 

 

kNN algorithms with distance-based weighting scheme 
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training size2 

k 1 2 3   

precision 0.3106053 0.52737 0.6489827   

recall 0.828157 0.7382716 0.8418122   

f-measure 0.4482473 0.5893666 0.727457   

training size 3 

k 1 2 3 4  

precision 0.421176 0.4493383 0.4966667 0.635835  

recall 0.8619004 0.8423765 0.9172619 0.9108289  

f-measure 0.5535746 0.5457745 0.6303199 0.7472425  

training size4 

k 1 2 3 4 5 

precision 0.265058 0.5399462 0.5008892 0.6617955 0.6221111 

recall 0.8828527 0.8344136 0.9058642 0.8639859 0.9176323 

f-measure 0.405543 0.6312971 0.6369849 0.7490929 0.7366581 

 

SVM algorithms with RBF Gaussian kernel scheme 

Sample size 2 3 4 5 6 

precision 0.5457856 0.7272727 0.7307364 0.7091873 0.7297794 

recall 0.8624559 0.8888889 0.8460229 0.8142681 0.857134 

f-measure 0.6461656 0.8 0.7838706 0.7578765 0.7881949 
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SVM algorithms with linear kernel scheme 

Sample size 2 3 4 5 6 

precision 0.6777037 0.7199042 0.7202097 0.654464 0.7096138 

recall 0.8825309 0.857134 0.8361199 0.8888889 0.809515 

f-measure 0.7618621 0.7824837 0.77363 0.7529414 0.7561343 

 

Decision Tree 

Sample size 2 3 4 5 6 

precision 0.2795227 0.5532215 0.3732528 0.3746102 0.3536245 

recall 0.8811111 0.8227646 0.89847 0.9233422 0.9460229 

f-measure 0.4209203 0.6483031 0.503959 0.5067073 0.4866516 

 

- Matching between Excel and Paragon purchase order schema 

The matching result of Excel and Paragon schema is presented in table below. The 

result of kNN and SVM-based matching shows higher performance than decision 

tree-based matching. F-measure in most parameter settings has value about 0.6. 

 

Table 21. Matching result – Excel and Paragon purchase order schema 

kNN algorithms with uniform weighting scheme 
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training size: 2 

k 1 2 3   

precision 0.3366938 0.390994 0.6177373   

recall 0.8416534 0.7154012 0.5555556   

f-measure 0.4785952 0.4919214 0.5849675   

training size: 3 

k 1 2 3 4  

precision 0.3990077 0.5880104 0.5840796 0.6056242  

recall 0.8865256 0.6586023 0.5790697 0.5780996  

f-measure 0.5401849 0.6198101 0.577881 0.5912478  

training size: 4 

k 1 2 3 4 5 

precision 0.3970918 0.5865822 0.4544104 0.5421414 0.5046022 

recall 0.9157496 0.7273942 0.7755423 0.6044356 0.659515 

f-measure 0.5377443 0.6405477 0.5693481 0.5680789 0.5670752 

 

kNN algorithms with distance-based weighting scheme 

training size2 

k 1 2 3   

precision 0.2602081 0.3956572 0.3808386   

recall 0.8724471 0.8257981 0.7749956   
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f-measure 0.395546 0.5151093 0.4964542   

training size 3 

k 1 2 3 4  

precision 0.3999108 0.3557998 0.6477056 0.5008798  

recall 0.8925 0.9067416 0.7483995 0.7170062  

f-measure 0.5461664 0.5075122 0.6872561 0.58513  

training size4 

k 1 2 3 4 5 

precision 0.3241237 0.3646668 0.4379063 0.5747237 0.4319068 

recall 0.9356746 0.9118695 0.8225132 0.7559965 0.9551146 

f-measure 0.4793013 0.5160148 0.5668651 0.6432291 0.5919058 

 

SVM algorithms with RBF Gaussian kernel scheme 

Sample size 2 3 4 5 6 

precision 0.4302605 0.5714303 0.6020136 0.6150949 0.625 

recall 0.6880335 0.5792989 0.5772002 0.5602469 0.5555556 

f-measure 0.5169915 0.572625 0.5878025 0.5860347 0.5882353 

 

SVM algorithms with linear kernel scheme 

Sample size 2 3 4 5 6 

precision 0.4455017 0.559456 0.6783365 0.607415 0.6342287 
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recall 0.7008201 0.6511905 0.5555556 0.5625926 0.5743474 

f-measure 0.5386257 0.596845 0.6098952 0.5831116 0.6027498 

 

Decision Tree 

Sample size 2 3 4 5 6 

precision 0.282293 0.442778 0.3709205 0.4432737 0.4272306 

recall 0.7378086 0.7235141 0.8868034 0.8874912 0.9074647 

f-measure 0.3984665 0.5144991 0.5003226 0.5882848 0.5693641 

 

13.2.5. Validation of classification using cross domain training data 

In this section, we examine two case of matching task for validation of 

general applicability of proposed approach and reusability of matching result by 

performing cross training. In first experiment, matching between Noris and 

Apertum schema again using the training data from matching between Excel and 

Paragon data; this is cross training test using same domain schema. In second 

experiment, Noris and Apertum schema again using the training data from 

matching between university course schema data; this is cross training test using 

different domain schema. By comparing same matching among cross training using 

same and different domain, the general applicability can be proven.  

1st Cross training test using same domain schema 

Training data: matching data between excel and paragon data 
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Test data: Noris and Apertum 

Table 22. Cross training result using same domain schema 

kNN algorithms with uniform weighting scheme 

training size: 2 

k 1 2 3   

precision 0.3641412 0.6949583 0.6766336   

recall 0.8982848 0.8841975 0.8524427   

f-measure 0.4939442 0.7778631 0.7536835   

training size: 3 

k 1 2 3 4  

precision 0.4488458 0.614763 0.721212 0.7192258  

recall 0.8050088 0.7437213 0.888889 0.8598501  

f-measure 0.5613103 0.6694753 0.79619 0.7832225  

training size: 4 

k 1 2 3 4 5 

precision 0.4160755 0.6225063 0.7035912 0.5856047 0.5561895 

recall 0.8369356 0.8782451 0.7762434 0.8888889 0.89 

f-measure 0.5473442 0.7275507 0.7348946 0.7045936 0.6765601 

 

kNN algorithms with distance-based weighting scheme 
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training size2 

k 1 2 3   

precision 0.3888424 0.6651605 0.6325915   

recall 0.8598501 0.8410582 0.8888889   

f-measure 0.5230336 0.7425697 0.7375192   

training size 3 

k 1 2 3 4  

precision 0.3982407 0.3919317 0.4672407 0.5000771  

recall 0.8073545 0.8745414 0.8782451 0.857134  

f-measure 0.5293606 0.5408826 0.6033213 0.6268143  

training size4 

k 1 2 3 4 5 

precision 0.4088922 0.4015249 0.4881796 0.6154821 0.4931441 

recall 0.8888889 0.8745414 0.8912346 0.870097 0.8814198 

f-measure 0.5586455 0.5429832 0.6271223 0.7201723 0.6294281 

 

SVM algorithms with RBF Gaussian kernel scheme 

Sample size 2 3 4 5 6 

precision 0.4075861 0.6747582 0.6921335 0.7255711 0.7030071 

recall 0.8704189 0.8888889 0.8888889 0.8814198 0.8888889 

f-measure 0.5255099 0.7657822 0.7780517 0.7959206 0.7849929 
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SVM algorithms with linear kernel scheme 

Sample size 2 3 4 5 6 

precision 0.4932297 0.6815222 0.7081863 0.6766904 0.7212148 

recall 0.8888889 0.8866667 0.8116402 0.825873 0.8383422 

f-measure 0.630598 0.7685195 0.7559878 0.7430147 0.7752158 

 

Decision Tree 

Samle size 2 3 4 5 6 

precision 0.313823 0.4760784 0.2548063 0.3503382 0.2262174 

recall 0.8332628 0.8782451 0.8475529 0.8767284 0.8814198 

f-measure 0.4473516 0.615863 0.3769863 0.4984244 0.3583832 
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Figure 28. Comparison of Result: self-training vs. cross-training using same 
domain data (kNN classifier) 

 

In the case of matching based on kNN, a cross-training result shows the same 

performance as self-training scenario. SVM also shows no difference between self-

training and cross training. The details of comparison are shown in figure below.  
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Figure 29. Comparison of Result: self-training vs. cross-training using same 

domain data (SVM classifier) 

 

This experiment result implies that there needs no additional training process to 

cope with another schema matching problem from same domain. SVM shows the 

most robust result among three classification algorithms. Regardless of the kernel 

type and sample size, SVM’s performance is better than other algorithms.  
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cases, the proposed algorithm can cope with various matching situation without 

additional training data set. We perform a same schema matching task using the 

training data from different domain. A university course schema is used for this 

training data. Matching task is Noris and Apertum purchase order schema matching 

again. The result shown in table and figure below, cross training using different 

domain data also show very nice performance comparing self and cross training 

using same domain-based matching.  

- Cross training using different domain schema 

Training data: University course schemas 

Test data: Noris and Apertum 

Table 23. Cross training result using different domain schema 

kNN algorithms with uniform weighting scheme 

 

training size: 2 

k 1 2 3   

precision 0.536711 0.656057 0.66179   

recall 0.888889 0.813157 0.888889   

f-measure 0.668196 0.723397 0.758377   

training size: 3 

k 1 2 3 4  
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precision 0.4671579 0.716196 0.6552538 0.593394  

recall 0.8645414 0.835317 0.8701235 0.888889  

f-measure 0.6063028 0.771038 0.7472496 0.710461  

training size: 4 

k 1 2 3 4 5 

precision 0.4837717 0.6852538 0.653062 0.6292472 0.6698836 

recall 0.8645414 0.8316755 0.888889 0.8888889 0.8238007 

f-measure 0.6200357 0.7509845 0.752795 0.7347 0.737757 

 

kNN algorithms with distance-based weighting scheme 

training size2 

k 1 2 3   

precision 0.492392 0.5942564 0.6180584   

recall 0.8314991 0.8888889 0.8888889   

f-measure 0.6170279 0.7112816 0.7281156   

training size 3 

k 1 2 3 4  

precision 0.5429531 0.5237415 0.6423999 0.6001321  

recall 0.8094533 0.8888889 0.857134 0.8841975  

f-measure 0.6489629 0.6566812 0.7337303 0.7136363  

training size4 
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k 1 2 3 4 5 

precision 0.528983 0.5913208 0.6241401 0.6076837 0.6144182 

recall 0.8841975 0.8888889 0.8888889 0.8888889 0.8814198 

f-measure 0.6610621 0.7079842 0.7327551 0.7212625 0.7219626 

 

SVM algorithms with RBF Gaussian kernel scheme 

Sample size 2 3 4 5 6 

precision 0.5613785 0.6335486 0.7087786 0.7087786 0.6867875 

recall 0.8626279 0.857134 0.8888889 0.8888889 0.870097 

f-measure 0.6792059 0.7276216 0.7885826 0.7885826 0.7673657 

 

SVM algorithms with linear kernel scheme 

Sample size 2 3 4 5 6 

precision 0.5840708 0.7159151 0.7037065 0.7111163 0.7033891 

recall 0.8460229 0.8814198 0.8888889 0.8238007 0.857134 

f-measure 0.6879048 0.7900673 0.7851975 0.7628346 0.7724963 

 

Decision Tree 

Sample size 2 3 4 5 6 

precision 0.4440433 0.5092772 0.5252076 0.434741 0.4530056 



recall

f-mea

 

 

 

l 0

asure 0

.7957804 0

.5498026 0

12

0.8814198

0.6453449

20 

0.7571781

0.6188473

0.8645414

0.5696214

0.8888889

0.5961697

9 

7 

 



Figur

 

In the

doma

re 30. Compa

e case of mat

ain training d

arison of Re

dom

tching based

data shows th

12

esult: self-tr

main data (k

d on kNN, a r

he same perfo

21 

raining vs. cr

kNN classifi

result for cro

formance and

ross-trainin

ier) 

oss-training u

d as self-train

g using diffe

using differen

ning scenario

 

 

erent 

nt 

o. 



122 

SVM also shows no difference between self-training and cross training. The details 

of comparison are shown in figure below.  
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Figure 31. Comparison of Result: self-training vs. cross-training using different 

domain data (SVM classifier) 

13.3. Discussions for mater combination strategy 

13.3.1. Overall Performance of Matcher Combination Strategy 

Overall matching performance of learning-based matcher combination show good 

performance in terms of evaluation metric such as f-measure. In most case, the f-

measure has its range between 0.6~0.8, which is same as the performance of state 

of art architecture (semi-automatic) of schema matching such as COMA++.  

Especially, in small schema matching (the size of matching element is less than 20), 

the matching performance metric shows very high value over 0.9. In this 
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dissertation, most of sample schema has less than 50 schema elements. In matching 

experiment using these sample schema, the proposed approach also show good 

performance comparing other schema matching approach. The summary of overall 

experiment in this dissertation is shown in table below.  

 

Table 24. Experiment Summary 

Domain #of Schema 

(# of matching 

task) 

#of element Performance* 

(range of F-measure) 

Purchase order 5 ( ) 27~74 0.58~0.80 

Auction 5 ( ) 8~13 0.62~0.87 

University Course 18 ( ) 6~12 0.71~1.0 

Bio-industry 

personal 

information 

2 (1) 24 0.53 

* In most case, SVM with RBF Gaussian kernel shows best performance. 
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13.3.2. Validity of Domain-cross training and Generalizability of Matcher 

Combination Strategy 

If there exists the difference among training using own data, different data 

from same domain, and from other domain, the proposed approach implies that the 

classification model should be trained before every matching tasks. As we examine 

through additional experiment, however, most of matching scenario shows the 

robust result regardless of the way of training. This means that only the training 

using small quantity of matching result can be very useful for other matching 

regardless of their domain.  
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PART5. CLOSING 

CHAPTER 14. Conclusion 

In this dissertation, a cross similarity vector approach and learning-based matcher 

combination strategy are suggested. The contribution of this dissertation can be 

seen as two aspects; measure itself and combination strategy.  

In terms of measure for schema matching itself, cross similarity vector approach 

improve the performance of structural measure comparing with existing other 

structural ones. By adopting the concepts of context in database research, a 

context-based similarity between schema elements is suggested for finding the 

semantic structural correspondence. Existing structural matcher only considers the 

morphological identity and the same elements who have different morphologies are 

considered as non-matched pair. In contrast, proposed approach calculates the 

affinity between the contexts of schema elements. The context of each elements is 

considered so that the measure can reflect the semantic structure of schema element. 

In addition, cross similarity vector approach enables to make another measure 

corresponding with specific string-based similarity measure. As cross similarity 

vector approach uses the similarity function between the textual information of 

schema elements, the approach can generate the structural measure using given 

string-based measure. Considering that the number of matchers is closely related to 

the performance of matching in multiple matcher approach, the approach can 

improve the matching performance with given string-based measures.  



128 

Hundreds of matcher has been proposed since the schema matching research has 

been dealt with. It has not been so long time since many researchers realize that 

there is no matcher which shows the best performance in every case of matching. 

Most of proposed single matchers are implemented for a specific matching 

situation. To cope with the general case of schema matching tasks, the strategy for 

combining existing various matchers is necessary. Proposed learning-based 

matcher combination strategy can be the keystone of multiple matcher approach. 

Learning-based matcher combination strategy realized the fully automatic schema 

matching by selecting existing measures dynamically. Without any human 

intervention, this approach show as great performance as semi-automatic shows. 

By transforming the multi-matchers based schema matching problem into binary 

classification problem, the complexity of combination problem is dramatically 

decreased. A classification approach has many strengths compared with matcher 

combination problem. The complexity of matcher combination increases in 

proportional to the number of matchers.  

The future research will focus on the combination strategy for multiple matcher-

based data matching. The learning-based matcher combination strategy can be 

applied to other situations dealt with data matching problem such as data field 

matching and entity resolution. Most data matching research adopt various 

matching metric for data comparison. As schema matching research uses many 

kind of matching metric, data matching needs various matcher according to the 

matching situation. In this regards, the general framework for data matching can be 



129 

implemented based on the proposed learning-based matcher combination strategy.  

Therefore, the main focus of future research will lies in the general framework for 

data matching using the learning-based matcher selection strategy. Then this 

approach can be applied to various specific data matching problem. There are still 

many kind of data which should be matched for specific purposes. With the big 

wave of big data, I believe, proposed dissertation give the valuable intuition for 

data matching research.  
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APPENDIX A. PYTHON LIBRARIES AND 
DEPENDENCIES AMONG THEM.  

The scikit-learn libraryh has the following dependencies 

(Pedregosa et al. 2011): 

 

- numpy: this is a python module which has powerful tools for the creation 

and manipulation of arrays. It is the foundation of most scientific 

computing packages in python 

- scipy: this is a python module which builds on numpy and provides fast 

implementations of many basic scientific algorithms. 

- matplotlib: this is a powerful package for generating plots, figures, and 

diagrams. Our main form of visual interaction with data and results 

depends on matplotlib. 
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ABSTRACT (KOREAN) 

Toward Efficient and Accurate Schema Matching - 
Cross Similarity Vector Approach and Learning-

based Matcher Combination 

崔 榮 碩 

서울大學校 大學院 

經營學科 經營學 博士 

IT 시스템이 기업의 필수 역량으로 자리잡은 이후로, IT 시스템 간 통합 

및 상호 운용성의 확보는 학계는 물론 실무에서도 중요한 문제로 

다루어져 왔다. 기업의 IT관련 지출의 대부분이 시스템 통합비용으로 

소모되고 있을 뿐만 아니라, 기업간 인수 합병의 일반화, 데이터원의 

다양화로 인해 자동화된 시스템 통합 방법론의 개발 수요가 꾸준히 

증가하고 있다. 더욱이 빅데이터 시대의 도래에 따라 기업이 중복 

데이터 및 유사 데이터를 효율적으로 관리하는 것이 기업의 핵심 

역량으로 떠오르고 있다. 이러한 가운데, 시스템 통합의 기초가 되는 
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데이터 스키마 매칭(Schema Matching)은 수십여 년 전부터 

연구되어왔음에도 불구하고 여전히 개선의 여지가 상당한 실정이다.  

스키마 매칭은 그 활용의 범용성에 있어 중요성이 매우 크다고 

할 수 있다. 단일 기업 내에서도 데이터 웨어하우스 운영을 위해서는 

다양한 출처에서 발생하는 데이터들을 단일화된 시각으로 다루어야 할 

뿐만 아니라, 복수 기업의 인수 및 합병 상황에서도 데이터를 하나의 

관점에서 관리할 필요성이 생기게 된다. 이러한 다양한 데이터 통합을 

위해서는 통합에 앞서 데이터 스키마 매칭이 필수적이다. 스키마 매칭은 

통합하고자 하는 두 데이터원의 스키마간의 연결을 찾는 방법론으로, 

다양한 방법을 활용해 동일한 스키마 요소를 찾아내게 된다. 뿐만 

아니라, 데이터베이스의 질의어 처리에 있어서도 복수의 데이터 

베이스에서 동일한 데이터 필드가 무엇인지에 대한 정보가 없는 경우 

질의어에 대한 원하는 답을 알아내가 어렵다. 사전에 이종 데이터들이 

지칭하고 있는 동일한 데이터가 무엇인지에 대한 정보가 있다면 이러한 

일들을 보다 쉽게 처리할 수 있게 될 것이다.  

데이터의 스키마 매칭을 위해서 기존 연구들은 다양한 방법을 

적용해왔다. 컴퓨터 언어학을 기반으로 스키마 요소의 이름 (schema 

element name)간의 유사성을 계산하는 다양한 방법들이 제시되었을 

뿐만 아니라, 데이터 스키마가 갖는 구조적인 유사성을 기반으로 통합을 

필요로 하는 두 데이터 스키마를 매칭하는 연구도 제안되었다. 이런 



149 

다양한 매칭 방법들이 제시됨에 따라 기존의 매칭 방법들을 조합해 보다 

나은 매칭 성과를 내기 위한 노력도 많은 연구자들이 진행해왔다. 

스키마 매칭 문제가 갖는 상황의 특수성으로 인해, 단일 매칭 

알고리즘이 모든 매칭 상황을 효율적으로 해결할 수 없기 때문에 

대부분의 최근 연구들은 기존의 매칭 방법의 조합 방법에 초점을 맞추고 

있는 것이 현실이다. 그러나, 대부분의 연구들은 데이터 스키마 이름이 

가지고 있는 특수성으로 인해 완벽히 자동화된 방법론을 제안하는데 

실패하였다. 데이터 스키마의 이름은 스키마를 디자인하는 디자이너의 

개인적인 습성에 따라 약어를 사용하거나 띄어쓰기 등을 생략하는 등 

이름의 명시성을 확보하기가 어려운 것이 사실이다. 따라서 이런 이름이 

내포하고 있는 의미를 사람이 직접 풀어내는 과정을 채택하여 전체 매칭 

시스템의 효율성을 높여왔다. 그러나, 현실적으로 사람이 수동으로 

스키마 이름이 내포하고 있는 의미를 풀어내는 과정을 진행하는 것은 

매우 어려운 일일 뿐만 아니라, 자동화를 위해서는 반드시 풀어야 하는 

문제이다. 또한 단일 매칭 방법들이 수백 여가지가 넘게 제시된 

상황에서, 이를 효과적으로 조합해내는 방법론을 찾기는 쉽지 않다. 

앞으로도 제시될 많은 단일 매칭 방법론들을 효과적으로 첨가하고, 

상황에 맞게 필요한 매칭 방법들만을 활용해 스키마 매칭을 수행하는 

방법론이 필요하다고 할 수 있겠다. 

단일 매칭 방법론 중 구조적 유사성을 이용해 매칭되는 스키마 
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요소들을 찾는 방법론도 근원적으로 가지고 있는 단점으로 인해 그 

효과성이 떨어지고 있다. 구조적인 유사도 측정 방식의 경우, 스키마가 

가지고 있는 구조적 유사성만을 살피게 되어 동일한 의미임에도 

불구하고 구조적 디자인이 달리 되어있다는 이유만으로 매칭에 실패하는 

경우가 발생하게 된다. 단순히 기하적인 구조만을 살펴 스키마 매칭을 

실행하기 때문에 발생하는 문제로 볼 수 있을 것이다.  

본 연구에서는, 먼저 기존의 구조적인 유사성을 기반으로 하는 

스키마 매칭 방법이 갖는 단점을 보완할 수 있는 Cross Similarity 

Vector 접근 방법을 제안하였다. 데이터베이스 연구에서 오랜 전통을 

가지고 있는 Context의 개념을 도입하여 스키마 요인들의 의미적 

Context를 반영하여 매칭을 실행하는 새로운 방법론을 제시하였다. 이 

방법론은 기존에 존재하는 의미 기반의 스키마 매칭 방법을 활용하여 

구조적인 유사도를 계산함으로써 새로운 유사도 계산 방법을 추가적으로 

확보할 수 있을 뿐만 아니라 매칭의 정확도 또한 기존의 구조적 

유사성을 기반으로 한 매칭 방법에 비해 높다는 장점을 가지고 있다. 

다음으로는 기존에 존재하는 다양한 매칭 방법들을 기계학습 

방법론을 기반으로 조합하는 방법론을 제시하였다. 다양한 매칭 

방법들을 조합해 내기 위해 기계학습 기반의 분류기를 만들어 소스와 

타겟이 되는 스키마간의 유사도를 계산하였다. 사용되는 개별 매칭 

방법론들은 매칭을 위한 특성 벡터 공간을 형성하게 되며, 각 방법론을 
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통해 계산된 유사도 들은 벡터공간상의 점으로 표현되게 된다. 이런 

기계학습 기반의 분류기법을 복수의 스키마 매칭 방법의 조합에 

적용함으로써, 매칭의 효율성을 확보했을 뿐만 아니라, 매칭의 전 

과정을 자동화하는데 성공했다. 스키마 요소의 이름이 갖는 유사성을 

찾기 위해 다양한 유사도 기법들을 활용하였고, 약어의 매칭을 위해 

Edit distance기반의 다양한 유사도 계산법들이 활용되었다.  

본 연구는, 구조적인 유사성을 계산하는 효율적인 방법론을 

제안해 냈을 뿐만 아니라, 기존의 많은 스키마 매칭 알고리즘들을 

활용할 수 있는 통합적인 프레임워크를 제공했다는 점에서 그 기여점이 

크다고 할 수 있다. 더욱이 반자동화된 스키마 매칭 방법론에 비교할 때 

본 연구에서 제안하는 자동화 방법이 동일한 수준의 매칭 성능을 

보여주고 있기 때문에, 차후 상용화의 가능성도 매우 크다고 할 수 

있겠다.   

 

키워드: schema matching, data matching, combinational matching, matcher 

combination, cross similarity vector, learning-based classification, 

data integration, machine learning. 
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