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ABSTRACT 

 

Similarity computation and matching has become an important topic in information 

retrieval, case based reasoning, data clustering, database integration, ontology alignment, 

image processing, natural language processing, schema matching, and e-Business/e-

Learning. Given an object in an application domain, finding similar objects helps in 

obtaining solutions to problems in all of these areas. 

Objects can be represented by a set of key words/phrases. However, key words/phrases 

have limitations representing complex object attributes. This thesis proposes node-labeled, 

arc-labeled, and arc-weighted tree representations for applications such as product/service 

descriptions in e-Business/e-Learning. Arc labels represent attributes of products/services. 

The targets of arcs can be leaf nodes or arbitrarily complex sub-trees representing 

product/service partonomies. Arc weights indicate relative importance/preference 

values on product/service attributes. 

We propose a tree similarity algorithm to compute the similarity of weighted trees, 

consisting of syntactic and semantic components. The syntactic component of the tree 

similarity algorithm traverses a pair of trees top-down and aggregates similarity values 

bottom-up. We also propose a tree simplicity measure to compute the simplicity value of 

a single (sub-)tree. Tree simplicity is computed for each sub-tree missing in the other tree, 

and the simplicity value is used for similarity computation, where a simpler (less complex) 

sub-tree leads to a higher tree similarity. 

Weights are averaged to embody preferences from a pair of trees, e.g., buyer and seller 

trees in e-Business.  
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We complement the syntactic component by a semantic global similarity, i.e. taxonomic 

class similarity for inner nodes, and local similarity, i.e. typed similarity for leaf nodes.   

Our tree similarity algorithm was applied to the Teclantic and eduSource projects for e-

Business and e-Learning, respectively. Teclantic matches companies or investors 

in Atlantic Canada with researchers in various disciplines to share technologies. In 

eduSource, we match learning objects (i.e. courses) and learning object providers (i.e. 

course providers). Both projects provided a ranked list of search results based on a user’s 

requests. 

We carried out computational experiments on systematic variations of trees to analyze tree 

simplicity and similarity properties, and to compare our tree similarity algorithm with 

other tree similarity/distance algorithms in the literature. When compared to other 

algorithms, our tree similarity algorithm shows advantages on aggregating sub-tree 

similarity values to obtain the overall tree similarity value. Our tree simplicity algorithm, 

beyond its usage for missing sub-trees in our tree similarity algorithm, can also be used as 

a standalone algorithm to calculate the simplicity of a single tree.   
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Chapter 1 Introduction 

 

1.1 Similarity 

Similarity computation and matching is a key topic in Case Based Reasoning (CBR) 

(Richter M. M., 1995), multi-agent systems (Zhang, Leung, Raikundalia, & Jing, 2010), 

data clustering (Spath, 1980) (Tomaz, Labidi, & Wanghon, 2003), database integration, 

ontology alignment (Maedche & Staab, 2011) (Xue, Wang, Ghenniwa, & Shen, 2009), 

natural language processing (Resnik, 1999), recommender systems (Wu, Zhang, & Jie, 

2013), e-Business/e-Commerce (Haddawy, Cheng, Rujikeadkumjorn, & 

Dhananaiyapergse, 2004), and schema matching (Rahm & Berntein, 2001). Given an 

application and an object, finding the object’s most similar counterparts helps searching 

solutions to a problem in CBR, clustering data scattered in a space, and integrating 

database or ontology schemas (Zhao Y., 2012) from difference sources. 

Finding a good representation of objects in applications is an important step for their 

similarity matching. Key words/phrases and correspondingly text/string similarity 

(Charras & Lecroq, 2004) (Islam & Inkpen, 2008) are widely used in many research areas 

(Otgneri & deSilva, 2002) and applications.  

However, flat/plain texts are limit in representing complex object attributes (Zhang & Pu, 

2004). Object attributes may be dependent in structural representations of objects. Tree 

similarity/distance algorithms (Saadah, Sarno, & Yuhana, 2013) (Kamat, 1996) (Zhang 

K. , 1996) have been proposed for different applications. 

1.1.1 Applications 

Match-making plays an important role in online dating systems (https://www.zoosk.com/), 

multi-agent systems (Marsh, Ghorbani, & Bhavsar, 2003), RNA matching in 



 

2 
 

bioinformatics (Jin J. , 2006), and e-Business (Wang, Wang, Wang, & Cheng, 2002). 

Similarity computation is decisive for the success of match-making. 

Online shopping and selling has been developed over the past twenty years. Not only 

world-wide big names like Amazon and e-Bay, but also locally famous Kijiji and 

Autotrader have attracted thousands of people to shop and sell without going out of their 

rooms. Products/services vary from a car, a freshly cooked dish, a music lesson, to a child 

care service.  

Therefore, with the increasing adoption of e-Business, in many applications like e-

Commerce and e-Learning, transactions between buyers and sellers or learners and course 

providers are increasingly conducted using advanced technologies from Semantic Web 

and Web Services (Dellschaft & Staab, 2006). In a virtual marketplace, buyers and sellers 

need to exchange their descriptions of products/services for match-making. In order to 

make the information carried by buyers and sellers represent their preferences and interests, 

various representations have been put forward, for example, flat text sequences (Kahveci 

& Gurel, 2002), (weighted) key words/phrases (Marsh, Ghorbani, & Bhavsar, 2003), and 

XML tree structures (Bertino, Guerrini, & Mesiti, 2008) (Ehrig & Oberweis, 2007).   

To obtain maximum benefit, any buyers or sellers seek those sellers or buyers that carry 

the most similar product/service descriptions to them. Therefore, based on different 

product/service descriptions, (semantic) match-making algorithms (Strobel & Stolze, 2002) 

(Joshi, Bhavsar, & Boley, 2009) that compute the similarity between the information 

carried by buyers and sellers have been developed. 
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1.1.2 Partonomy and Taxonomy Trees 
 
Partonomy is a hierarchy where its components and sub-components have a ‘part-of’ 

relationship. Partonomy is used to describe various objects. For example, a university is 

composed of departments; a department is composed of research groups/labs, students, 

and administration staff and students are composed of undergraduate and graduate students. 

Therefore, partonomy trees (Yang L., 2005 (2)) are employed to represent 

products/services in e-Business environment.  

Another relationship among components in a hierarchy is ‘is-a’. These components, which 

are usually called classes, from some source/domain form a taxonomy. For example, 

technical terms in the domain of computing classification. A taxonomy is a structure 

representing the ‘is-a’ relationship among classes and their parents or ancestors. In 

computer science, technologies can also be categorized by taxonomies. For example, 

“Programming Techniques” taxonomy (ACM, 2012) can be classified as “Functional 

Programming”, “Automatic Programming”, “Concurrent Programming”, “Sequential 

Programming”, “Object-Oriented Programming”, “Logic Programming”, and “Visual 

Programming”. 

A node in a partonomy tree which represents one part of the product/service exists in a 

domain that shows its relationship with other classes from the same source. For example, 

in two partonomy trees describing courses, “Functional Programming” and “Concurrent 

Programming” are two courses in two trees, respectively. However, these two courses exist 

in the same taxonomy “Programming Techniques”. Their similarity can be calculated by 

their taxonomic class similarity (Yang L. M., 2005 (2)).  
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1.1.3 Tree Similarity 
 
Tree similarity (distance) techniques are an active area of research for applications like 

pattern recognition, image analysis and processing, natural-language processing (Kamat, 

1996) and bioinformatics. Previous work mostly focused on node-labeled trees, whether 

they were ordered (Wang, Shapiro, Shasha, & Zhang, 1998) (Shasha, Wang, & Giugno, 

2002) or unordered (Shasha, Wang, & Zhang, 1994). Operations including insertion, 

deletion and node label substitution (Lu S. , 1979) with costs were defined to transform 

one tree to another to compute their distance complementary to their similarity. For local 

tree matching (Liu & Geiger, 1999), operations such as merge, cut, and merge-and-cut, 

including costs, were also defined to find the best approximate match and matching cost. 

The Hamming Distance (Hamming, 1986) (Togneri & deSilva, 2002) is also used in some 

approaches (Richardson & Smeaton, 1995) to compute the tree distance. 

Weights are assigned to nodes (Wu, Lu, & Zhang, 2011) or arcs (Kebriaei & Majd, 2008) 

(Saadah, Sarno, & Yuhana, 2013) to represent relative importance values either by users 

or human experts. 

1.2 Background 
 
In virtual e-Marketplaces, a set of (weighted) key words/phrases is used for describing the 

information a customer is carrying or seeking. Product/service advertisements and requests 

can be realized on top of sets of weighted key words/phrases (Marsh, Ghorbani, & Bhavsar, 

2003). However, such a flat representation is limited in that it cannot represent hierarchical 

product/service descriptions. For example, when we want to describe a car, we often 

provide its colour, make and model. The attribute model is dependent of the make of a car 

because each car maker provides their own models. Therefore, to allow more fine-grained 

interaction between buyers and sellers, we propose to represent product/service 
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descriptions in the form of weighted trees. Customers give weights that reflect the 

importance of branches on all levels of such product/service describing trees. However, 

because of the many variants and refinements in modern products/services, a total match 

will rarely be possible; so partial matches, embodied in some measure of similarity, are 

needed. While some variety of trees has already been used in e-Marketplaces to describe 

the content part of messages, tree similarity matching for such content representations has 

not been studied to our knowledge. On the other hand, many other flavours of similarity 

have been explored in Utility Theory and AI, in particular in Case-Based Reasoning 

(Richter M. M., 1995) (Richter & Weber, 2013), some of which should be combinable 

with our tree similarity. 

Node-labeled trees are a common data structure for information representation in various 

areas. In this thesis, following Object Oriented (OO) modelling, F-Logic, and the Resource 

Description Framework (RDF), we propose node-labeled, arc-labeled (hence arc-

unordered) trees, where not only node labels but also arc labels can embody semantic 

information. Furthermore, our trees are arc-weighted to express the importance of arcs. 

Arc labels represent attributes of products/services and arc weights represent their relative 

importance. 

In a marketplace, the first step of a transaction between buyers and sellers is to provide 

information that describes their requirements and offers. Buyer and seller’s requirements 

and offers are transformed to trees. For a given application, buyer and seller trees must 

conform to the same standard tree schema in order to compute their similarity. A tree 

schema for a given application defines the tree structure, node label set, and arc label set. 

We discuss the details of buyer and seller trees, and schema trees in Section 3.3.2. 
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1.2.1 Weighted-Tree Representation 

As illustrated above, key words/phrases are not enough to represent complex attributes of 

objects. With this understanding, we formulate the tree-structured description problem for 

objects as follows. 

Problem Definition 1.1 Tree-Structured Representation Problem. Given a class of 

objects and a finite set of attributes, find a node-labeled, arc-labeled and arc-weighted 

tree T to represent the hierarchical relationship of attributes. 

Details about our tree representation are discussed in Chapter 3. 

 

 

 

 

 

 

 

 

 

 

1.2.2 Match-Making Systems 

Our motivation of proposing the AgentMatcher architecture (see Fig 1.1) is that we tend 

to present a complete system which contains three components: similarity computation, 

pairing and negotiation. This architecture takes the descriptions of offers from sellers and 

demands from buyers as input, calculates their similarities, and presents paired buyer(s) 

Inputs 

 Similarity  
  Ranking  

Finalize transaction  

     Similarity     
   Computation 
 (tree similarity 
     algorithm) 

Pairing Negotiation 
Buyer-Seller 

Pairs 

AgentMatcher 

Buyers Sellers 

Figure 1.1. AgentMatcher Architecture. 

Components 

Data Sets 
Data Flow 

  (Trees)   (Trees) 
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and seller(s) for negotiation. The transaction between buyers and sellers is completed after 

their negotiation is finished.  

Among the three components, “Similarity Computation” is the most important one. The 

results of similarity computation are the input for “Pairing” and input of “Negotiation” is 

the output from “Pairing”. Figure 1.1 shows the overview of the AgentMatcher 

architecture. 

 

 

 

 

 

 

 

In Figure 1.1, buyers and sellers are input of the AgentMatcher component Similarity 

Computation. The information carried by buyers and sellers is the metadata 

(product/service descriptions) specified by them. We use node-labeled, arc-labeled, and 

arc-weighted trees to represent product/service descriptions. In order to match buyers and 

sellers, a tree similarity algorithm is needed to compute their similarity.  

Use the trees T1 and T2 in Figure 1.2 as an example. If we do not have arc labels and arc 

weights, these two trees are totally identical with assumption that two sub-trees under node 

“D” are identical. Transformation from T1 to T2 costs 0 operation which indicates a perfect 

match. However, after adding arc labels, i.e. product/service attributes, two trees are 

different. For example, arc labels (attributes) “b” and “w” are different although they have 

identical node labels (values). Furthermore, this difference should make a big contribution 

T 1 

A 

B D 

b d 

c 

C 

T 2 

A 

B D 

w d 

c 

C 

0.9 0.1 0.8 0.2 

Figure 1.2. A simple example of arc-weighted trees. 

1.0 1.0 
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to the dissimilarity of T1 and T2 because the arc weights for “b” and “w” are 0.9 and 0.8, 

respectively, which are quite high compared to other arc weights. Therefore, we cannot 

simply adapt the old tree similarity/distance algorithms to our architecture. Based on our 

different tree representations, the tree similarity problem is defined below. 

Problem Definition 1.2 Tree Similarity Problem. Given two node-labeled, arc-labeled 

and arc-weighted trees T1 and T2, design a tree similarity algorithm to compute their 

similarity which falls into the real interval [0.0, 1.0]. 

1.3 Thesis Objectives 

This thesis aims to develop the AgentMatcher architecture for transactions in e-Business 

and e-Learning environments. In this architecture, weighted tree similarity techniques 

for tree match-making are the core themes. The main objectives of this thesis are as 

follows: 

• To study the architecture and message exchange in e-Business environments. 

• To research previous representations of objects, e.g. products/services, and 

propose a more flexible and general one. 

• To develop the AgentMatcher architecture for transactions in e-Business/e-

Learning environments. 

• To study previous tree similarity (distance) algorithms and develop a new    

 technique for computing the similarity of node-labeled, arc-labeled, and arc-

weighted trees and conduct experiments to compare it with other algorithms in 

literature. 
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1.4 Thesis Organization 

In the next chapter (Chapter 2), we review match-making in e-Business and tree similarity 

algorithms. Chapter 3 presents our particular tree representations and how to generate 

these trees. In Chapter 4, we describe our tree simplicity algorithm, either works with our 

tree similarity algorithm or independently, in detail. Chapter 5 and Chapter 6 cover the 

tree similarity algorithm and computational results, respectively. We conclude the thesis 

with suggestions for future work in Chapter 7. 

  



 

10 
 

Chapter 2 Review of Match-Making and Similarity 

Internet and information technologies have impacted business models greatly in recent 

years. With the fast development of e-Business, database techniques, artificial intelligence, 

and storage techniques, matching and recommendation systems (e.g. online shopping, and 

dating) have become more and more popular.  

An e-Marketplace can be buyer-centric, seller-centric, or buyer-seller-centric. No matter 

what kind of e-Marketplace it is, buyers and sellers have to provide the descriptions of the 

products/services they would like to buy and sell, respectively. To match product/service 

descriptions, different algorithms are developed to compute how similar (distant) they are. 

It is intuitive that the closer two descriptions, the higher (lower) their similarity (distance) 

values. Therefore, similarity (distance) algorithms are the key for obtaining reasonable 

values for further match-making.  

2.1 e-Business and Match-Making 

The research of e-Business includes both the research of business itself and information 

technologies. These technologies applied to e-Business include profile (meta-data) 

organization/representation, product/service recommendation/pairing, business 

transaction automation, interaction languages in a virtual marketplace, transaction 

security, and electronic payment and so on.  

Information and service sharing across the Internet make both product/service providers 

and customers actively conduct transactions on line, but not just advertise or browse 

products/services. An e-Business system with complete integration of transaction process 

and strategies greatly increases the efficiency and convenience for every participant.  

Many people have experience of online shopping. Generally, on their own business 

websites, organizations post their products/services in different categories describing the 
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most attractive aspects of them. Customers search products/services in specific categories 

to see if there are some that can match their requirements. Matching might be complete or 

partial. In this situation, it is up to customers if this transaction could be successful. 

Because the sharing e-Business environments are dynamic, organizations need to design 

a flexible business process to satisfy customers’ specific requirements. Figure 2.1 shows 

the scenario described above.  

 

 

 

 

 

 

 

 

 

The scenario in Figure 2.1 is buyer-centric. Nowadays, there are many systems that can 

introduce both buyers and sellers into a common e-Marketplace, such as Amazon, e-bay, 

and kijiji. This kind of systems is designed to create and update users’ (buyers and sellers) 

interest profiles, provide and recommend search results based on users’ requirements and 

search history, and place the order. Negotiations may also happen in e-Marketplace. In 

Figure 2.2, the scenario of such a common e-Marketplace is shown. The common e-

Marketplace which is buyer-seller-centric described in Figure 2.2 makes both buyers and 

sellers active during transactions. 

 

Visit 

Categorized Products/Services on 
Some Websites 

Customer 

  Match-Making 

   Put Product (s) into Shopping Cart 
Success 

 Pay 

Failure 

Figure 2.1. Scenario of online shopping. 

  Purchase Finalized 
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Negotiation may or may not be included in an e-Marketplace. People may negotiate off-

line when match-making is successful, e.g. kijiji. This thesis does not discuss negotiation 

between buyers and sellers. 

The key problem is that information is distributed across the Internet, so how to retrieve 

and filter useful information for customers, both buyers and sellers, is quite important for 

a system’s performance. After users input their preferences, searching is turned into 

information exchange process to see how similar the product/service requirements and 

offers are. Before search starts, the system has to standardize and normalize the 

information it gets from users; otherwise, even quite similar information may seem very 

different to computers.  

Keywords/phrases are popularly used to describe product/service in many systems. Search 

engine lists all the products/services that contain the same key words/phrases as those 

users provide. For example, in the application of e-Learning, for a user who wants to 

search some learning objects, if he/she provides keywords like “object-oriented” and 

“inheritance”, the learning objects the search engine finds might be “Object-Oriented 

Visit 

Search in Categorized e-Marketplace 
and Obtain Search Results 

Buyer/Seller 

  Match-Making 

Negotiation 
Success 

Failure 

Figure 2.2. Scenario of a common e-Marketplace. 
  Transaction Finalized 

Failure 

Success 
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Software Engineering”, “Java Programming” or “C++ Programming”. The advantage of 

this search strategy is that it is easy to implement. The disadvantage of it is that it might 

list lots of garbage results. Although all the results contain the same or similar keywords, 

it is normal that lots of them are totally useless or just a little helpful for users. 

Therefore, weights can be assigned to key words/phrases. When users input their 

preferences, they also need to specify how important each attribute is for him. The system 

will search from the database based on the weighted attributes from users. Thus, the results 

can be ordered to show different closeness to the search.  

2.2 Similarity Concepts 

Similarity and dissimilarity (which is so-called distance) are very widely researched in 

Case Based Reasoning (Steffens, 2005) (Richter M. M., 1995), ontology matching 

(Bernstein, Kaufmann, & C. Bü rki, 2005), schema matching (Do, 2002), semantic 

matching and clustering (Tomaz, Labidi, & Wanghon, 2003), and tree/graph distance 

(Zhang K. , 1996) (Shasha, Wang, & Giugno, 2002). 

When people say if two objects are similar or not, people often think it a yes/no question 

whose values are binary. However, in research areas mentioned above, a yes/no answer is 

far from enough to provide meaningful solutions. Therefore, we only discuss similarity 

values that are numerical values representing the degree to which two objects are similar. 

Usually, similarity values are in real interval [0.0, 1.0]. 0.0 means two objects do not match 

from any aspect, while 1.0 represents a perfect match.  

Compared to similarity, distance is more often researched in various areas. A distance 

measure usually satisfies the following three conditions: 

§  x  M       d (x, x) = 0        (Reflexivity) " Î
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§ A distance measure is symmetric iff:                   (Symmetry) 

             x, y  M   d (x, y) = d (y, x) 

§ A distance measure is a metric iff:                       (Triangle Inequality) 

                   x, y  M      d (x, y) = 0 → x = y   

                   x, y, z  M  d (x, y) + d (y, z) ≥ d (x, z)              

 M is a set of objects. x, y, z are objects in M and d (x, y) is the distance between x and y. 

A similarity measure usually does not satisfy the triangle inequality property. But it often 

satisfies reflexivity and symmetry.  

§ x M:    sim(x, x) = 1                    (Reflexivity) 

§ A similarity measure is symmetric iff:                  (Symmetry) 

 x, y  M:  sim(x, y) = sim(y, x) 

 A similarity measure is a metric iff (Spath, 1980):          (“Triangle Inequality”) 

             x, y, z  M:  [sim(x, y)+ sim(y, z)] sim(x, z)  sim(x, y) sim(y, z)  

Objects are represented by their attributes and corresponding values. Due to the variety of 

objects, there are many types of attributes, for example, binary, nominal, ordinal, numeric, 

symbolic, and interval. For each kind of attribute, there are similarity/distance measures 

in literature. For binary attributes, there are Dice Coefficient, Jaccard Coefficient, 

Simpson’s Coefficient, Tanimoto coefficient, and Correlation. There are some simple 

similarity measures for nominal, ordinal and numeric attributes. Syntactic and semantic 

(Bhavsar, Boley, & Yang, 2004) (Oleshchuk & Pedersen, 2004) similarity/distance 

measures are also developed for symbolic attributes. Simple and complex similarity 

measures (Yang, 2005 (1)) (Yang, 2005 (2)) are proposed for interval attributes.  

Besides various attributes of objects, the nubmer of attributes an object has also varies. An 

object can have as few as one attribute or many attributes. When it only has one attribute, 

" Î

" Î

" Î

" Î

" Î

" Î × ³ ×
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a similarity/distance measure can be chosen for it according to its attribute type. However, 

when it has more than one attribute, selecting appropriate simiarlity/distance measure 

becomes much more complex. If all attributes are the same type, it is easier. For example, 

for two binary vectors, Hamming Distance is a typical candidate. If the number of 

attributes is more than one, Minkowski distance (equation 2.1) is a good choice. 

                                        𝑑(𝑥, 𝑦) = (	∑ |𝑥1 − 𝑦1|34
15& 	)&/3                                               2.1        

When n = 2, it is the well known Euclidean distance. 

However, in many cases, attributes for one object are different types. Therefore, we need 

to apply different simialrity/distance measures to different attributes and then amalgmate 

similarity/distance values to get the overall one. The selection or design of similarity 

measures for both attributes, which is called local similarity, and amalgmation function, 

which is called global similarity is key to obtain accurate simialrity values (Stahl, 2002). 

Weightes (Zhang & Pu, 2004) may be assigned to attributes to reflect different impacts to 

the overall similarity. 

Above discussion about similarity/distance is domain independent. However, due to the 

overwhelming development of web services, information technologies, and business 

model changes, similarity/distance measures have been adapted to some new domains like 

schema matching (Madhavan, Bernstein, & Rahm, 2001) (Melnik, Molina, & Rahm, 

2002), semantic similarity (Maguitman, Menczer, Roinestad, & Vespingnan, 2005) in 

taxonomy (Jiang & Conrath, 1997) (Resnik, 1995) (Hajian & White, 2011), words/texts 

(Corley & Mihalcea, 2005) (Li, Bandar, & McLean, 2003) and ontology (Oleshchuk & 

Pedersen, 2004), and tree/graph matching (Shasha, Wang, & Giugno,  2002) (Wu, Lu, & 

Zhang, 2011) (Torsello & Hancock, 2003). These techniques are applied in image 

processing, database schema integration, text searching, and natural languge processing. 
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2.3 Syntactic Matching 

Syntactic matching literally matches strings without considering additional domain 

knowledge. However, the semantics of words/strings vary in different contexts. For 

example, strings “electronic chair” and “committee chair” have the same word “chair” but 

totally different semantics. Exact syntactic matching cannot distinguish such differences 

and thus leads to inaccurate or even wrong matches in document retrieval, query 

processing systems, and information integration systems. Therefore, semantic matching 

techniques, such as schema matching, and concept matching in a taxonomy/ontology, are 

getting even important. 

As we have mentioned previously, object attributes can be very complex. Attributes may 

correlate with each other and thus form a structure, e.g. a hierarchy, which more precisely 

describes objects. In such case, the matching of two objects contains both the structure 

level and attribute level. Schema matching which is usually applied in database and XML 

schema integration takes into account the structure and sub-structure matching of two 

schemas combined with the similarity of attribute values to obtain an overall similarity. 

When compare the values of two attributes, if they are comparable and from the same 

domain, they stay in the same taxonomy and a class similarity value can be calculated. 

2.3.1 Schema Matching Algorithms 

Schema matching is widely used in database integration, data warehouse loading, 

semantic search, and tree/graph matching. Schemas can be represented by XML, entity 

relationship, object-oriented model, and tree/graph. Matching approaches are classified as 

instance (Thor, Kirsten, & Rahm, 2007) vs. schema, element vs. structure, language vs. 

constraint, and auxiliary information (Rahm & Berntein, 2001). Thus, the matching levels 

are classified as element level and structure level. Element level matching can be obtained 
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by the help of natural language processing, dictionary and element’s context in the schema. 

While structure level matching takes into account (sub)structures and elements in 

(sub)structures and even weights to obtain structure level matching. It is typical that the 

matching of two (sub)structures is the combination of element level matching and 

structure level matching. 

Like the similarity measure design (Stahl, 2002), structure matching can also be top-down 

or bottom-up. Top-down is less expensive because some matching may be neglected while 

the relatively expensive bottom-up matching does not lose any matching (Rahm & 

Berntein, 2001). The selection of structure matching methods is dependent on the actual 

application and schema representation. 

Among the schema matching systems, CUPID (Madhavan, Bernstein, & Rahm, 2001), 

COMA (Do, 2002), Similarity Flooding (Melnik, Monina, & Rahm) and tree/graph 

matching (Zhang K. , 1996) (Shasha, Wang, & Giugno, 2002) are well-known.  

CUPID transforms original schemas to trees and computes the structural similarity 

between pairs of elements. It conducts a post-order traversal and the similarity 

computation has a mutually recursive flavor. Overall (sub)schema similarity is a weighted 

combination of element similarity and structure similarity. 

In SF (Similarity Flooding), relational schemas are converted as directed labeled graphs. 

It relies on the intuition that elements in two graphs are similar if their adjacent elements 

are similar. It feeds element-level mappings to SF matcher and uses filters to choose the 

best match candidates from the list of ranked map pairs returned by the SF. 

COMA tends to build a generic match system with multiple matchers. It is able to 

represent both and XML and relational schemas as rooted directed acyclic graphs. 

Previous match results can be reused therefore match process can be both interactive and 
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iterative. The final similarity is achieved by the aggregation of match-specific results, 

selection of match candidates, and computation of combined similarity. 

2.3.2 Taxonomic Class Similarity 

A taxonomy is a scheme that partitions a body of knowledge and defines the relationships 

among the pieces (IEEE, 1990). Therefore, a taxonomy is often represented as a tree/graph. 

Each node/vertex in a taxonomy tree/graph is a concept that might have super-concepts 

and sub-concepts. Concept similarity algorithms that aim to match concepts in the same 

taxonomy are divided into two categories: edge-based approaches that consider the 

shortest path length (Rada, Mili, Bicknell, & Blettner, 1989) between two concepts and 

node-based approaches that make use of the node information content (Resnik, 1995). 

Combinations (Jiang & Conrath, 1997) (Li, Bandar, & McLean, 2003) of these two 

approaches have resulted in better matches. Enhancements to the two basic approaches 

took into account the link types, link strength, edge weight (Sussna, 1993) (Richardson & 

Smeaton, 1995), local density and node depth (Jiang & Conrath, 1997). 

Although there are several possible link types in a taxonomy, such as is-a/has-a, type-

of/has type, and instance of/has instance, the ‘is-a’ relationship contributes 80% among 

all the relationships. This is the reason why many researchers pay more attention to 

taxonomies that only has is-a links. 

To make their experimental results comparable, most researchers in this area use the 

WordNet (Miller, 1990) as their semantic knowledge base. WordNet is the product of a 

research project at Princeton University which has attempted to model the lexical 

knowledge of a native speaker of English. Information in WordNet is organised around 

logical groupings called synsets. Each synset consists of synonymous word forms and 

semantic pointers that describe relationships between current synset and other synsets. 
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2.4 Summary 

Buyers and sellers in e-Marketplace can advertise their requirements and offers in 

categorized marketplace and seek candidate sellers and buyers to proceed to transaction. 

Matching between buyers and sellers is crucial to the success of the transaction. In fact, 

matching between buyers and sellers is the matching between the information carried by 

buyer and seller agents. Furthermore, the problem of the matching between the 

information carried by buyers and sellers is actually how to compute the similarity 

between the information.  

Basically, to match two objects, we need to analyze the attributes describing them. 

Attributes have different types and thus lead to different similarity/distance measures. The 

numbers of attributes of objects also vary. Therefore, local similarity measure for attribute 

and global similarity measure for overall objects are proposed.  

Traditional syntactic matching results in ambiguities or even wrong matching without 

considering the semantics of strings. Semantic matching of two attribute values can be 

obtained by class similarity in a taxonomy. While, structurally, we also need to consider 

the structure level similarity when an object, such as a car, whose attributes are complex 

enough to form a hierarchy.  
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Chapter 3 Weighted Trees 

With the development of Artificial Intelligence and semantic web techniques, computers 

tend to possess the abilities of searching, thinking, analyzing and summarizing like human 

beings. In other words, people try to make use of available computer techniques and 

knowledge to help or even substitute human beings on their daily activities to the 

maximum extent. In such a context, enough and precise knowledge, information, or data, 

and furthermore, the representation of the data are very important for employing computer 

techniques. A fast and effective way to describe an object is to describe the most important 

and representative attributes (features) of it. In research areas like pattern recognition and 

computational molecular biology, extracting pattern attributes is an initial but crucial step 

and problem of ambiguity and redundancy should be considered. Selecting appropriate 

and correct data structures for representing objects, i.e., products/services here, is very 

important. For example, in Bioinformatics, people often use strings (sequences) to 

represent information due to the characteristics of DNA and RNA (Jin J. , 2006). Vectors 

are frequently used for object representation in multi-dimensional vector space. This thesis 

studies objects, i.e., products/services, in e-Business or e-Learning environments.  

This thesis proposes node-labeled, arc-labeled and arc-weighted trees for object 

representation. Tree structure is a general structure that can not only represent the 

hierarchical relationship of attributes, but also be flattened to strings as needed. In this 

thesis, the result of attribute extraction is a tree schema. Instance trees revealing real world 

preferences are generated from tree schema.  

In the following section (Section 3.1), desired features of trees are presented. Next, we 

provide the definitions of proposed trees and explain the tree generation process in 

Sections 3.2 and 3.3, respectively. 
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3.1 Desired Features  

One objective of this thesis is to develop a flexible and general representation for 

products/services in e-Business environments. The proposed representation should fulfill 

the following requirements. 

First, the representation should represent the part-subpart, i.e. ‘part-of’, relationship 

among product/service parts. For example, when we describe a used car, we describe it by 

attributes like category, make and year. The attribute ‘make’ can have values like Ford, 

Toyota, Nissan, and so on. A ‘Ford’ car also has attributes such as model and the engine. 

The attribute ‘model’ has values Taurus, Focus, Escape, etc. Therefore, the description of 

a product/service is a hierarchical structure containing attribute-value pairs.  

 

 

 

 

 

 

 

Tree structure is sufficiently general for describing an object. For example, the tree in 

Figure 3.1 describes a car. According to our real-life knowledge and experience, we know 

that this is a small Ford Taurus sedan and its engine is V-8. However, some node labels 

may be identical and thus cause ambiguities. For instance, it is hard to decide what the 

two nodes with label “2000” mean. It could be the year or mileage of the car. The reason 

of the ambiguity is that we miss the attributes, i.e. the year and mileage, of a car in this 

tree. Therefore, a tree with only node labels is not precise enough to describe a 

Car 

Category 

Ford 
Sedan 

Mile 

Year 

2000 Small 

Make 

Engine Model 

Taurus V-8 

Size 

2000 

Figure 3.2. A node-labeled and arc-labeled 
tree describing a car. 

Car 

Ford 
Sedan 

2000 Small Taurus V-8 

2000 

Figure 3.1. A node-labeled tree describing a car. 
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product/service. The tree in Figure 3.2 is an improvement on the one in Figure 3.1. Each 

arc is added a label that represents an attribute of the parent node and the child node label 

is the value of the attribute. To emphasize the difference between arc labels and node 

labels in figures in the thesis, node labels are always bold-faced. Thus, we have multiple 

attribute-value (i.e., arc-label-node-label) pairs in a tree. For the ease of our tree similarity 

algorithm implementation (see Section 5.3), sibling arc labels of a (sub-)tree are 

lexicographically ordered. 

 

 

 

 

 

 

Secondly, although the tree in Figure 3.2 removes the vagueness existing in the tree of 

Figure 3.1, it cannot reveal users’ (e.g. buyers and sellers) specific interests for some 

attributes of the car. For example, a buyer may think that the make of the car is quite 

important for him/her and the category of it is much less important than the make and the 

category is a little more important than the year of the car. Thus, if we use >> and > to 

represent ‘much more important’ and ‘a little more important’ relationship, respectively, 

we have an ordinal relationship of the importance of these three attributes Make >> 

Category > Year. However, we may have relationships like Make >> Category >> Year, 

Make > Category >> Year, and Make > Category > Year, respectively. All of the above 

relationship has the same order of attribute importance, however, the preferences on 

attributes are different in each ordered list. Therefore, ordinal relationship of product 

Car 

Category 

Ford 
Sedan 

Mile 

0.2 0.7 
Year 

1999 Small 

Make 

Engine Model 0.5 0.5 

0.1 

Taurus 

0.5 0.5 

V-8 

Size 

1999 

Figure 3.3. Arc-weighted tree. 
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attribute importance cannot precisely represent relatively high or low attribute importance 

for buyers and sellers. In order to solve this problem, we allow users to assign weights to 

product/service attributes (arc labels) to represent how important the attributes are for 

them to make decisions. Allowing arc weights whose values are in the range of [0.0, 1.0] 

is sufficiently general. Thus, the quantification of user preferences gives exact numerical 

value of how important each product attribute is. In the tree of Figure 3.3, the user gives 

the attribute ‘Make’ and ‘Year’ a quite high and low weight, respectively. In order to 

reveal the relatively high, low or equal preferences, we restrict the sum of sibling arc 

weights 1.0. 

3.2 Definitions 

We provide the definitions from a general tree to our proposed node-labeled, arc-labeled 

and arc-weighted tree in an incremental manner.  

Definition 3.1 A Rooted Tree. A tree T is a connected, acyclic graph constructed from a 

3-tuple (V, E, r) of a set of nodes V, a set of arcs E, and one element , respectively, 

which satisfies the following conditions: 

1. One element  is designated as the 'root'. 

2. There is a mapping  that maps every arc onto some unordered pair of nodes 

. 

In this thesis, all trees we consider are rooted trees and for the sake of brevity they are 

referred as simply trees.  

Definition 3.2 Node-labeled Tree. A node-labeled tree T is constructed from a 4-tuple 

(V, E, LV, r) of a set of nodes V, a set of arcs E, a set of node labels , and 

one element , respectively, such that (V, E, r) satisfies the definition of a tree and 

r V∈

r V∈

Ø

( , )i jv v

1 2
{ ,  ,...}V v vL l l=

r V∈
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there is a many-to-one mapping from the elements in V to the elements in LV (i.e. different 

nodes can carry the same labels). 

Definition 3.3 Arc-labeled Tree. An arc-labeled tree T is constructed from a 5-tuple (V, 

E, LV, LE, r) of a set of nodes V, a set of arcs E, a set of node labels LV, a set of arc labels 

, and one element , respectively, such that (V, E, LV, r) satisfies the 

definition of a node-labeled tree and there is a (many-to-one, sibling-arc-label-unique) 

mapping from the elements in E to the elements in LE (i.e. non-sibling arcs can carry the 

same labels). 

Definition 3.4 Node-labeled, Arc-labeled and Arc-weighted tree. A node-labeled, arc-

labeled, and arc-weighted tree T is constructed from a 6-tuple (V, E, LV, LE, LW, r) of a 

set of nodes V, a set of arcs E, a set of node labels LV, and a set of arc labels LE, a set of 

arc weights LW = [0.0, 1.0], and one element , respectively, such that (V, E, LV, LE, 

r) satisfies the definition of an arc-labeled tree and there is a many-to-one mapping from 

the elements in E to the elements in LW (i.e. different arcs can carry the same weights). 

3.3 Classification 

To help understand our trees, we classify them based on the characteristics of them, and 

applied features and domains, for example, e-Business. There could be overlaps among 

these classifications. For example, partonomy tree and taxonomy tree for representing 

different tree-sub-tree relationship, respectively, and instance tree and schema tree for 

representing actual partonomy tree and a full description of attributes and corresponding 

values of a domain in e-Business, respectively.  

1 2
{ ,  ,...}E e eL l l= r V∈

r V∈
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3.3.1 Partonomy and Taxonomy Trees 

As we have discussed in previous sections, we use arc-labeled and arc-weighted trees to 

represent product/service descriptions in e-Business environments. These trees are called 

partonomy trees since they represent the hierarchical ‘part-of’ relationship among parts of 

products/services. Therefore, in this thesis, two trees for similarity matching are always 

partonomy trees and we omit the word partonomy in most cases. 

We have discussed the definition and features of a taxonomy tree in section 2.3.2. The 

purpose of introducing taxonomy tree in this thesis is that we improve our syntactic 

partonomy-tree similarity algorithm by semantic class matching (or so-called concept 

matching (Li, Bandar, & McLean, 2003)) in a taxonomy. The details of the enhancement 

will be discussed in Chapter 5.  

 

 

 

 

 

 

According to the classification of “Programming Techniques” in the ACM Computing 

Classification System (ACM, 2012), we created a taxonomy tree shown in Figure 3.4. 

Given the taxonomy tree of “Programming Techniques”, a question is how to calculate 

the similarity of two (sub)classes. In literature, the semantic similarity of pairs of 

(sub)classes in a taxonomy is computed considering the path length, edge weights, node 

information content, and link types. We present our taxonomic class similarity measure in 

Section 5.4. 

Figure 3.4. Taxonomy tree of “Programming Techniques”. 
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3.3.2 Schema and Instance Trees 

In e-Business environments, various communities or applications are created for users 

buying and selling products/services. For example, on kijiji (www.kijiji.com), there are 

categories like “buy and sell”, “services”, “cars and vehicles”, “jobs”, etc. If you are 

looking for a desk, you go through categories and sub-categories “buy and sell”→ 

“furniture” →  “desks”. A list of desks is displayed according to their dates posted. 

However, kijiji only provides categorizations, but does not provide choices for you to 

specify their interests on various desk attributes. You have to browse all desks from the 

first page. Actually, desks have a lot of attributes like color, style, size, number of drawers, 

with or without hutch, material, shape, and so on. Assume there is a finely designed 

interface asking buyers or sellers to input all the info of their requests or offers, the search 

engine would be able to find out only the desks they are interested in. When users fill out 

the interface, the interface should provide possible values for all attributes for users to 

choose from. For example, for the shape of a desk, there should be a drop-down list 

containing items like rectangle, round, irregular, and even do not care. “don’t care” means 

the shape of the desk does not affect the user’s decision. The user should select one item 

from them for each attribute.  

For a given community in e-Business, we are able to design a tree schema that contains 

all attributes and possible values with the help of domain knowledge or experts. We define 

a tree schema as follows. 

Definition 3.5 Tree Schema. A tree schema 𝑇" consists of a node set nodes (𝑇") and an 

arc set arcs (𝑇"). Each element in nodes (𝑇") is also a set which enumerates potential node 
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labels for corresponding arc. The elements in arcs (𝑇") and nodes (𝑇") have a one-to-one 

mapping which indicates one arc label can only have one set of node labels as its values. 

Every tree schema corresponds to one community in an e-Business application. 

Furthermore, any given application (e.g. e-Learning) that makes use of our node-labeled, 

arc-labeled, and arc-weighted trees only has one tree schema. Tree schema has the 

following properties. 

• Tree schema is the extraction of the product/service description in an e-Business 

application. 

• Arc labels emanating from any node (except leaf node) describe the abstracted 

attributes of the corresponding node label. 

• There is a one-to-one mapping from tree schemas to communities in an e-

Business application. 

A tree schema does not have weights for attributes because weights are assigned by users 

and it is a number between 0.0 and 1.0. Given a tree schema for some community, after a 

user specifies values and assign weights for attributes, an instance tree can be generated. 

We define instance tree as follows. 

Definition 3.6 Instance Tree. An instance tree T is generated from a tree schema after 

specifying node labels and assigning arc weights for arc labels.  

In this thesis, we also use Ti or Tj to represent an instance tree which is a partonomy tree. 

Tree similarity computation is always conducted on two instance (partonomy) trees. 

Details can be found in Chapter 5. 
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Figure 3.5 shows the generation of tree schema and instance tree. We use the following 

example to show the generation of tree schema and instance tree in e-Learning 

environments. Course providers want to advertise their courses, while learners want to 

search appropriate courses for learning. In order to describe a course, from our eduSource 

project (Boley, et al., 2005), we need to specify the course name, course level, interaction 

language, etc. For the specific e-Learning application, Internet-enabled hardware and 

software are also needed. In our design of the tree schema for both learners and course 

providers, we try to address concerns of both sides. Figure 3.6 shows the core of our tree 

schema for e-Learning. Most node labels and arc labels in Figure 3.6 conform to the     

Canadian Learning Object Metadata (CanLOM) standard (CanCore, 2003).  
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Figure 3.5. Tree schema and instance tree generation process. 
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In the above tree schema, for every node, we give an enumeration of potential values for 

learners and course providers to select from. For example, for the arc “Language”, learners 

or course providers can select English or the other listed languages as their favorite 

interaction language. For certain nodes, also ‘built-in’ types could be employed, for 

example, Boolean or string. Actually, the root node label set only has one element in any 

circumstances. Other node label sets have at least two elements because each of them has 

the element “Don’t Care”. The node label “Don’t Care” is meaningless for root node 

because a “Don’t Care” (sub-)tree will lead to a perfect matching with any corresponding 

(sub-)trees. Details about “Don’t Care” node matching are presented in Chapter 5. 

Once we had the tree schema, corresponding interfaces can be designed for learners and 

course providers to input their preferences. Figure 3.8 shows our learner interface based 

on Figure 3.6, as used to input the instance tree shown in Figure 3.7. 

 

 

 

 

 

Educational 
General 

{Configuration, Don’t 
Care} 

AgeRange 
Hardware 

{Description, Don’t Care} 

Context e-Mail 

Technical 

Software Title Language 

{Level, Don’t Care} 

{ 9-11,12-17,18-
25,26-33,34-
40,41-47,48-54, 
Don’t Care} 

{Grade1, 
…,Grade12,  
SecondaryEducation, 
Don’t Care } 

{ English,  
French,…, 
Spanish, 
Don’t Care } 
 

{“How C 
 Programming Works”,    
  … , “Introduction to   
  Java”, “Don’t Care”} 

{Yes,No, 
Don’t Care } 

{PC,… ,  
 Mac, Don’t 
Care } 

{IE,Chrome,  
  Mozilla, Don’t 
Care } 

Figure 3.6. A tree schema for e-Learning application. 

{Course} 
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On this interface, there are three groupboxes: Course Description, Educational Level and 

Computer Configuration. Each groupbox corresponds to one sub-tree stretching out from 

the root node “Course” in Figure 3.6. But the occurrence of these groupboxes on the 

interface does not conform to the “Educational-General-Technical” sequence in the tree 

schema. As mentioned in Section 3.1, arc labels at the same level in any sub-tree are kept 

in lexicographic order. However, on the interface, the text label “Course Name” should 

occur earlier than any other text labels because it is the most important information for 

both learners and course providers. Also, some text labels do not completely conform to 

the arc or node labels in the tree schema because the interface should be as intuitive as 

possible for users.  

Before every text label there is a check box to specify preferences. In Figure 3.8, the text 

label “Interaction Language” is not checked. Those unchecked text labels will lead to 

missing branches in instance trees. After every text label there is a combobox for selecting 

schema-conforming values. Users also need to specify the importance (weights) of the 

checked text labels. On the interface, the scale of every importance slider is extended to 

the convenient interval [0, 10]. Within every groupbox, all the importance values for 

checked text labels are thus forced to add up to 10. However, there are no sliders for text 

labels “Course Description”, “Educational Level” and “Computer Configuration” which 

Educational 
General 

Configuration 
AgeRange 

Hardware 

Description 

Context e-mail 

Technical 

Software Title 

Course 

Level 

18-25 Grade8 
HowCProgrammingWorks Yes PC IE 

Figure 3.7. An instance tree generated from the interface in Figure 3.8. 

1.0 0.2 0.8 0.3 
0.3 

0.4 

0.3333 0.3334 0.3333 
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correspond to arc labels, “General”, “Educational” and “Technical”, in the tree schema. 

In this case, we give every arc label averaged weight automatically. Therefore, arc weights 

for these three arc labels are 0.3333, 0.3333, and 0.3334. 

                    

 

Based on the snapshot of the learner interface in Figure 3.8, the instance tree in Figure 3.7 

is generated. Its arc weights are not from 0 to 10, but from 0 to 1: every importance value 

on the interface is normalized to fall into real interval [0, 1]. There is also an interface for 

course providers with slightly different conventions. Both interfaces, however, conform 

to the same tree schema shown in Figure 3.6. 

 

Figure 3.8. A learner interface snapshot inputting the tree in Figure 3.7. 
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In Figure 3.9 and 3.10, we show two example tree schemas adapted from three real car 

buying/selling websites, ClarkToyota, SutherlandHonda, and Autotrader. 

The schema adapted from Toyota in Figure 3.9 is a very professional and complete one 

containing a lot of detailed descriptions. Common buyers/sellers may not need that 

professional information. Triangles represent sub-trees with more detailed information for 

General 
Mechanical 
Info 

Car 

Seats 
Info 

Security Comfort&Convenience 

DimensionCapacity 
&Weight 

Fuel 
Consumption 

Mechanical Price 
Seat
s 

Sound 
System 

Warranties 

Wheels&Tires 
Performance 

Heated 
Seats 

Trim 

{N/A, Driver 
and Passenger} {Cloth, Leather} 

HP 
Engine 

{Front-wheel, All-
wheel} 

Torque Drivetrain Transmission 

{1.8LL416-
valve,  
2.5LL416valve, 
2.7LL416valve, 
3.5LV624valve} 

{132@6000, 
182@5800, 
266@6200, 
268@6200, 
200HP} 

{128@4400,182
@4200, 
245@4700, 
246@4700} 

{4SpeedAuto, 
6SpeedManu, 
6SpeedAuto, 
Variable} 

Figure 3.9. A tree schema for cars adapted from a car description model (http://www.clarktoyota.com/). 

Color 
Car 

User Input 
ZIP Make Price 

Trim 

{List of models 
dependent on 
“Make”} 

Transmission 

{Acura, Alfa Romeo, AMC, Aston Martin, Audi, Bentley, 
BMW, Buick, Cadillac, Chevrolet, Chrysler, Daewoo, 
Datsun, DeLorean, Dodge, Eagle, Ferrari, FIAT, Fisker, 
Ford, Freightliner, Geo, GMC Honda, HUMMER, 
Hyundai, Infiniti, Isuzu, jaguar, Jeep, Kia, Lamborghini, 
Land Rover, Lexus, Lincoln, Lotus, Maserati, Maybach, 
Mazda, McLaren, Mercedes-Benz, Mercury, MINI, 
Mitsubishi, Nissan, Oldsmobile, Plymouth, Pontiac, 
Porsche, RAM, Rolls-Royce, Saab, Saturn, Scion, smart, 
SRT, Subaru, Suzuki, Tesla, Toyota, Volkswagen, Volvo, 
Yugo} 

{<$1000, $2000, <$3000, <$4000, 
<$5000, <$6000, <$7000, <$8000, 
<$9000, <$10000,  
<$12000,<$14000, <$16000, <$18000, 
 <$20000, $25000, <$30000, <$35000,  
<$40000, <$50000, <$60000, <$70000,  
<$80000, <$90000, <$100000} 

{Auto, Manual} 
{List of trims dependent 
on “Model”} 

Figure 3.10. A more practical tree schema for common customers combining car search criteria on  
http://www.autotrader.com/ and http://www.sutherlandhonda.ca/. 

Color 
Info 

Choice
1 

Choice
2 Mode

l 
{a list  
of colors} 

{a list  
of colors} 



 

33 
 

those attributes. We omit them due to limited space. However, we show sub-trees for 

“Mechanical Info” and “Seat Info” as examples. The schema tree in Figure 3.10, adapted 

from SutherlandHonda and Autotrader, is more practical for common buyers/sellers, but 

provides less information for customers who would like to know more professional 

information about the car. 

Theoretically, trees can be infinite. However, in a certain community, e.g., e-Business or 

e-Learning, any products/services have finite parts and attributes. Therefore, in this thesis, 

trees discussed are always finite. 

3.4 XML and Relfun Representation  

Various representations of trees and their matching are possible. Two flat example trees in 

the scenario of e-Learning that describe the course “JavaProgramming” are illustrated in 

Figure 3.11 (a) and (b). 

 

 

 

 

 

 

 

Figure 3.11 (a) represents a tree of a learner. In this tree, the course this learner searches 

is “JavaProgramming”. Sub-trees stretching out from this root node represent the learner’s 

preferences about this course. For example, this learner gives the arc “Tuition” the highest 

weight “0.4” relative to other arcs to express that cost will be the most important factor 

for his/her decision-making. The leaf node “<$800” (i.e., less than $800) is the amount of 

Figure 3.11. Learner and course trees.  

JavaProgramming 

Credit 

Thinking  
inJava 

Textbook 
Tuition 

Duration 

<$800 2months 3 

0.2 
0.1 0.3 

0.4 

JavaProgramming 

Credit 

Introduction  
toJava 

Textbook 
Tuition 

Duration 

$1000 2months 3 

0.1 
0.5 0.2 

0.2 

(a) Tree of a learner. (b) Tree of a course. 
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money he/she is expecting. This learner only gives the arc “Duration” (of 2 months) a 

rather low weight “0.1”, which means that he/she does not care much about how long the 

course will last. The other two sub-trees (leaves) are analogous. 

In order to be applicable to real world description refinement, we do not limit the 

complexity, breadth or depth, of any sub-trees. So, trees in Figure 3.11 could have extra 

sub-trees for the interaction language, prerequisites, etc., as well as a non-leaf ‘Textbook’ 

sub-tree mentioning a website etc.  

Capturing these characteristics of the arc-labeled, arc-weighted trees, Weighted Object-

Oriented RuleML, a RuleML version for OO modelling, is employed for serialization in 

Web-based information interchange. The XML child-subchild structure reflects the shape 

of our normalized trees and XML attributes are used to serialize the arc labels and weights. 

So, the tree in Figure 3.11 (b) will be serialized as shown in Figure 3.12. 

In Figure 3.12 (a), the complex term (cterm) element serializes the entire tree and the _opc 

role leads to its root-node label, “JavaProgramming”. Each child element _slot is a 

metarole, where the start tag contains the names and weights of arc labels as XML 

attributes name and weight, respectively, and the element content is the role filler 

serializing a sub-tree (e.g. a leaf). Consider the first _slot metarole of the cterm as an 

example. The attribute name has the value “Credit”, describing the credit name of the 

course “JavaProgramming”. The other attribute weight, with the value “0.1”, endows the 

“Credit” branch with its weight. The content between the _slot tags is an ind (individual 

constant) serializing a leaf node labeled “3”. Such weights have the interpretation of 

relative importance. For example, from a course’s point of view the “Credit” weight means 

that the importance of the credit of this course is 0.1 relative to the other sub-trees 
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“Duration”, “Textbook” and “Tuition”, which have importance “0.5”, “0.2” and “0.2”, 

respectively. 

  

 

 

 

 

 

 

 

 

 

3.5 Special Cases 

Weights in our trees represent the relative importance values of product attributes 

specified by buyers/sellers. However, for the ease of 

understanding of our trees, we illustrate the semantics of  

weights in several special/extreme cases. 

(1)     No weight 

Although arc weights are one feature of proposed trees, no weight is allowed from users. 

No weight means that users do not have any preferences on product/service attributes. In 

other words, all product/service attributes equally affect a user’s decision making. 

However, no weight does not mean all weights are zero. Zero weight will be explained 

next. In order to keep the features of proposed trees and satisfy user’s no preference 

Figure 3.12. Symbolic tree representations.  

cterm[ -opc[ctor[javaProgramming]], 
            -slot[name[Credit], weight[0.1]][ind[3]], 
            -slot[name[Duration], weight[0.5]][ind[2months]],   
-slot[name[Textbook], weight[0.2]][ind[javaGuidence]], 
-slot[name[Tuition], weight[0.2]][ind[$1000]] 
           ] 
                     

<cterm> 
   <_opc><ctor>JavaProgramming</ctor></_opc> 
   <_slot name = “Credit” weight = “0.1”><ind>3</ind></_slot> 
   <_slot name = “Duration” weight = “0.5”><ind>2months</ind></_slot> 
   <_slot name = “Textbook” weight = “0.2”><ind>JavaGuidence</ind></_slot> 
   <_slot name = “Tuition” weight = “0.2”><ind>$1000</ind></_slot> 
</cterm> 
 

(a) Tree serialization in Weighted OO RuleML. 

(b) Tree representation in Relfun. 
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request, we can easily average sibling arc weights to accommodate the no-weight 

specification from users.  

(2)     Zero weight 

When a user specifies that the weight of a product attribute is 0.0, one 

may misunderstand that the user does not like that product attribute at 

all. In this thesis, when a user specifies his preferences, for any attributes, he/she only 

chooses the values he/she likes, but not the ones he/she does not like. For example, when 

facing a list of models of Ford vehicles, if a buyer hates “Focus”, he/she will never select 

it. Zero weight basically means that a user does not have a relatively strong preference on 

some attributes, say the model of a car. However, he/she still thinks one model, say 

“Taurus”, is the one to choose. So, he/she specifies “Taurus” as his/her preference for 

model but gives it a very low weight 0.0. Another case is that a user does not have any 

preference on model. In other words, he/she does not care much about the model. We 

provide an option “Don’t Care” as attribute values. This will be discussed later in this 

section. 

(3) Missing weight 

When a user leaves the value of an attribute as blank, it means that he/she does not have 

an idea about that attribute for whatever reason. So, the corresponding sub-tree will be 

empty. It is different from zero weight. Specifying zero weight, a user at least has a 

preference on that attribute. A missing specification of a preference and correspondingly 

a missing weight does not result in a perfect or zero matching when compared with a 

specified preference in the other tree. 
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Another misunderstanding of missing preference/weight is that it means a user does not 

care what the preference is for an attribute. The difference of missing preference/weight 

and “Don’t Care” sub-trees will be explained in (4) of this section. 

In the example in Figure 3.13, the sub-tree ‘model’ in tree T1 is missing in 

tree T2. Thus, the weight of it is also missing. 

 

 

 

 

 

                                                     

Missing preferences/weights tend to happen more on buyers. However, missing 

preferences/weights in seller trees have different semantics from buyer trees. In real life, 

sellers may think it is not necessary to show some attributes to buyers or consider some 

attributes are not attractive to buyers. Therefore, we allow sellers to skip attributes as well.  

(4) ‘Don't care’ sub-trees 

‘Don't care’ sub-tree has different semantics for buyers and sellers. For buyers, ‘Don't care’ 

sub-trees mean that users can accept any values for the corresponding product attributes. 

However, for sellers, ‘Don't care’ sub-trees mean the sellers can satisfy any values of the 

corresponding product attributes specified by buyers. Therefore, ‘Don't care’ sub-trees 

always have tree similarity value 1.0 with their counter parts in other trees. 

Figure 3.13. Trees with missing sub-trees.  

Car 

color year 
model 

2005 Taurus white 

0.1 
0.2 

0.7 

Car 

color year 

2005 white 

0.3 0.7 

T1 T2 
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3.6 Summary 

In this thesis, we propose node-labeled, arc-labeled and arc-weighted trees to represent the 

information buyers and sellers carry in e-Business or e-Learning environments. Our tree 

representation not only makes use of advantages of tree data structure but also add more 

semantics to trees for product/service descriptions. 

First, tree is an ideal form to describe both hierarchical and flat relationships. Using trees, 

we can describe objects in different domains flexibly. Commonly used key words/phrases 

cannot describe hierarchical relationships among product/service attributes.  

Second, we add arc labels to make trees describe products/services more clearly and 

completely. Arc labels describe attributes of products/services, while node labels under 

arc labels describe the values of those attributes. Thus, there are actually many attribute-

value pairs in trees. This also makes the design of interface much easier because attributes 

and values are corresponding to text labels and options within combo boxes, respectively.  

Third, we assign arc weights to arc labels. Arc weights reveal users’ different preferences 

on attributes.  
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Chapter 4 Tree Simplicity Computation 

While computing the similarity of two trees, it is common that a sub-tree in one tree is 

missing in the other one. The similarity of the existing sub-tree and the counterpart, empty 

tree, is obtained by computing the simplicity (Yang L. , Sarker, Bhavsar, & Boley, 2005) 

of the existing sub-tree. An intuitive property of tree simplicity measure is that wider and 

deeper trees lead to smaller tree simplicity values. However, since our trees are arc-

weighted, we also take into account the contribution from arc weights to tree simplicity. 

Each arc weight is multiplied with the simplicity value of the recursive sub-tree simplicity 

underneath. One objective of this thesis is to analyse and evaluate the mathematical 

properties of proposed tree simplicity measure. 

Tree simplicity values are in the real interval (0.0, 1.0]. The simplest tree is a single node 

whose simplicity is defined as 1.0. Our tree simplicity measure is formalized as a recursive 

function. According to this function, the simplicity value of an infinite tree approaches 0.0. 

We conduct experiments on balanced k-ary tree whose arc weights are averaged at each 

level. The computational results conform to the properties and requirements of our tree 

simplicity measure. 

Although the purpose of designing the tree simplicity measure is for tree similarity 

measure, it does not have to be dependent on the tree similarity algorithm. Without the 

context of tree similarity, given a single tree, the tree simplicity measure works 

independently to generate a simplicity value. This can be used to compare the sizes of two 

single trees. 

4.1 Requirements 

One way to describe the size of trees is to present the number of nodes of them. This method 

works when trees do not reveal any real-world meanings. For example, in Figure 4.1, there 
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are two trees with identical number of nodes. However, one is deep and the other one is 

relatively wide. The wide tree describes more attributes of a car. However, the deep tree 

describes one attribute of a car in detail. Plus, the weights of attributes are very different in 

the two trees, we cannot easily draw the conclusion that two trees have the same simplicity.  

                                

 

 

 

 

 

However, one conclusion that can be drawn is that wider or deeper trees should lead to 

lower simplicity values. Since a tree is composed of sub-trees, sub-tree breadth and depth 

are two main factors that affect its simplicity value.  

Our tree simplicity measure has two properties: the ‘local’ breadth property bT and the 

‘global’ depth property dT. Both bT and dT have their own impact on tree simplicity. Since 

our trees are weighted trees, we also consider the contribution of weights. 

Definition 4.1 Tree Simplicity Measure: A simplicity measure on a tree T is a real valued 

function: :T → IR(0.0, 1.0] with the following property: 

If tree T ́ is obtained by adding a single branch to a given tree T, the simplicity values of T and T ́ 

satisfy:     (T) >  (T ́) 

 

 

 

Ŝ

Ŝ Ŝ
  

  

  

  

  

      

Car 

Std 
Security System 

Control 

Traction Control 
Std 

Std 

1.0 

1.0 

1.0 

Car 

Security System 
Drivetrain Year 

0.3 
0.4 

0.3 

Front-wheel 
Drive 

Std 2011 

Figure 4.1. Two trees with identical number of nodes. 
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The depth of a sub-tree Ti is a ‘global’ property in that it is dependent on where it occurs 

in the whole tree. Defined recursively, the depth of the root of the whole tree T is 0 and the 

depth of a sub-tree Ti in T is the depth of the parent of Ti plus one. In Figure 4.2, there are 

two identical sub-trees in tree T. Although these two sub-trees are identical, they occur at 

depths 2 and 1, respectively, in tree T. Therefore, they make different contributions to the 

simplicity of tree T. However, the breadth bT of a node in tree T or of a sub-tree Ti is a 

‘local’ property whose value is the out-degree of T or Ti. For example, the out-degree values 

of the root node of tree T and the sub-tree rooted at “A” on the left side of T are 4 and 2, 

respectively. 

4.2 Algorithm 

During tree similarity computation, when a sub-tree in tree T1 is missing in tree T2 (or vice 

versa), we compute the simplicity of the existing sub-tree. Our tree simplicity measure 

takes into account not only the node out-degree (breadth) at each level and leaf node depth 

but also the arc weights for the recursive tree simplicity computation. Intuitively, the 

simpler the single sub-tree in T1, the larger its simplicity and thus the larger its similarity 

iT
d

iT
b

  

        

  

    

    

A 

B C 

b c 
0.8 0.2 

A 

B C 

b 
0.8 0.2 

c 

Figure 4.2. A single tree T with identical sub-trees at different depth. 
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to the corresponding empty tree in T2. So, we use simplicity as a contribution to the 

similarity of T1 and T2. Using our tree simplicity measure, the simplicity converges towards 

0.0 when a tree is infinite. However, the simplest tree is a single node and we define that 

its simplicity is 1.0. 

 

 

 

 

 

 

 

In tree T1 of Figure 4.3, the sub-tree rooted at node “Mechanical Info” under the arc 

“Mechanical” is missing in T2. Our tree similarity algorithm passes this missing sub-tree 

to the treeplicity function to compute its simplicity. Figure 4.4 shows the pseudo code of 

this function.  

Input: The depth degradation index DI. A single tree T. 

Output: The simplicity value of T. 

Initialization: DF = 0.5      // DF is the depth degradation factor 

treeplicity (DI, T) 

Begin   

    If T only contains a single node    return DI; 

    endif 

    else  

      sum=0; 

  

      

        

General 

0.7 0.3 

Security 
Info 

Car 

0.5 0.5 

Figure 4.3. Trees with missing sub-trees. 

Toyota 

General Info 
Passenger Make 

5 

Mechanical 
Security 

Engine Transmission 

2.7L L4  
DOHC 16-valve 

6 speed automatic 

Mechanical  
          Info 

0.1 
0.8 0.1 

  

    

    

General 

0.7 0.3 

Security 
Info 

Car 

Toyota 

General Info 
Passenger Make 

5 

Security 
0.4 0.6 

T1 T2 
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      for (j =0; j < root node degree of T; j++)     

        sum += (weight of the jth arc) × treeplicity(DI × DF, Tj)         

             //Tj is the sub-tree under the jth arc  

      endfor                                                                                      

      TreeSimplicity = (1/(root node out-degree of T)) × sum 

      return TreeSimplicity 

    endelse 

 End. 

 

When calling treeplicity with a depth degradation index DI and a single tree T as input, our 

simplicity measure is defined recursively to map an arbitrary single tree T to a value from 

(0, 1], decreasing with both the node out-degree at each level and leaf node depth. The 

recursion process terminates when T is a leaf node. For a (sub-)tree, simplicity is computed 

by a recursive top-down traversal through its sub-trees. For any sub-tree Tj underneath an 

arc lj, we multiply the arc weight of lj with the recursive simplicity of Tj. To enforce smaller 

simplicity for wider trees, the reciprocal of the node out-degree is used on every level. On 

each level of deepening, the depth degradation index DI is multiplied with a global depth 

degradation factor DF £ 0.5 and the result is the new value of DI in the recursion. We 

always assume that the value of DF is 0.5 in this thesis. 

The smaller the depth degradation index DI and/or depth degradation factor DF, the smaller 

the tree simplicity value. Based on the sum of the infinite decreasing geometric 

progression  being 1, we assume that DF is 0.5 in order to enforce 

the smallest acceptable degradation through the recursion: this guarantees that the 

...
2
1...

2
1

2
1

2 ++++ n

Figure 4.4. Pseudo-code of the tree simplicity algorithm. 
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simplicity values of finite trees are always smaller than 1. For leaf nodes found on any 

level, the current DI value is their simplicity. 

Our tree simplicity algorithm is given as a recursive function, 4.1, shown below. 

Ŝ(T) = 8
𝐷: ∙ (𝐷<)=									
	 &
4
∑ 𝑤? ∙4
@5& ŜB𝑇?C

                                      

where, 

Ŝ (T): the simplicity of a single tree T 

DI and DF: depth degradation index and depth degradation factor  

d: depth of a leaf node 

m: root node out-degree of tree T that is not a leaf 

wj: arc weight of the jth arc below the root node of tree T 

Tj: sub-tree below the jth arc with arc weight wj 

The initial value of DI represents the simplicity value of the node with depth 0 (d = 0). 

Therefore, the simplicity of a tree that is a single node equals to DI. Since an empty tree is 

meaningless in our tree simplicity algorithm, we define that the simplicity value of a 

“single-node” tree is 1.0 which also implies that DI = 1.0. As mentioned before, the value 

of DF is defined as 0.5 because of the employment of decreasing geometric progression. 

When a tree horizontally and vertically grows infinitely, the value of m and d will be 

infinite. Therefore, both (DF)d and 1/m approach 0.0. Since both wj and Ŝ (Tj) are in the 

interval (0, 1], equation 4.2 approaches 0.0 when m and d are infinite. 

                                        lim4→G
=→G

Ŝ	(𝑇) = 0                                                                          4.2                                                                                                                                                       

Now, in order to clarify our tree simplicity algorithm, we show the computation of 

simplicity for an arbitrary tree (Figure 4.5) with the following illustrative example. In 

if T is a leaf node, 
otherwise. 

4.1 
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Figure 4.5, we show the depth d and its corresponding depth degradation index (DI) on 

the right-hand side of tree T. According to equation 4.1, the simplicity of this tree is 

computed as follows. 

 

 

 

 

 

 

 

Ŝ (T) = (0.2×Ŝ (TB) + 0.1× Ŝ (TC) + 0.3×Ŝ (TD) + 0.4×Ŝ (TE))                            4.3                           

In equation 4.3, the denominator 4 is the out-degree of the root node, “A”, of tree T. TB, 

TC, TD and TE represent the sub-trees rooted at nodes “B”, “C”, “D” and “E”, respectively. 

The simplicity values for sub-trees (leaf nodes) TC and TD are their values of DI, 0.5. We 

recursively use equation 4.1 for the simplicity computation of sub-trees TB and TE and get 

equations 4.4 and 4.5, respectively.  

Ŝ (TB) = (0.8×Ŝ (TF) + 0.1×Ŝ (TG) + 0.1×Ŝ (TH))                                                         4.4 

Ŝ (TE) = (0.5×Ŝ (TI) + 0.5×Ŝ (TJ))                                                                                  4.5 

Simplicity values for sub-trees (leaf nodes) TF, TG, TH, TI and TJ are their DI value 0.25. 

Therefore, Ŝ (TB) =  and Ŝ (TE) = . Consequently, we obtain the value of Ŝ (T) = 

0.06667. 

4
1

3
1

2
1

3
25.0

2
25.0

Figure 4.5. An illustrative tree simplicity computation. 
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4.3 Implementation 

We implement the tree simplicity algorithm in the declarative language Relfun and Java. 

The trees are exchanged using an XML serialization in Object-Oriented RuleML. 

Correspondingly, we use Relfun to implement the simplicity algorithm as a parameterised, 

recursive functional program. For both the Relfun and Java version, the input of 

‘treeplicity’ function is the depth degradation index and the tree. The ‘treeplicity’ function 

output the real value of the tree simplicity.  

4.4 Analysis 

In this section, we provide the theoretical and computational results to analyse the 

properties of the proposed tree simplicity measure given in Section 4.2. For this purpose, 

we consider balanced k-ary trees, although we do not restrict the degree and depth of each 

node in the tree. The theoretical results on balanced k-ary tree derived from equation 4.6 

are a non-recursive function with two variables k and d. A k-ary tree is a normalized arc-

labeled, arc-weighted tree according to Definition 4.1 such that the value of m in equation 

4.1 is always a fixed k. The computational results indicate that tree simplicity values 

smoothly decrease with increasing k and d, which conform to our proposed properties. 

Here, both k and d are equal to or greater than 1. When both of them are equal to 0, the 

tree is a single node which has been analyzed in Section 4.3. 

                                Figure 4.6. An arc-labeled, arc-weighted balanced k-ary tree. 
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In a balanced k-ary tree shown in Figure 4.6, sub-trees under nodes A1 to Ak are shown by 

triangles since they may have arbitrary depth. All leaf nodes are at the same level; 

therefore, all leaf nodes have identical depth which is also the tree depth. All arc weights 

for sibling arcs are averaged. Therefore, we get arc weight 1/k for each arc. 

For this special case, equation 4.1 is simplified as 

                     ŜB𝑇IJKLMC = (&
I
)= ∙ 𝐷<= ∙ 𝐷:                                                                  4.6 

where, Tk-ary represents a k-ary tree. After incorporating the values of DI and DF, we get 

                           ŜB𝑇IJKLMC = (&
I
)= ∙ 0.5= ∙ 1.0                                                                4.7                                                                  

Although equation 4.7 reveals how the values of m (here, k) and d affect the tree simplicity 

values, we show the plots for equation 4.7 to get more intuitive understandings. 

Plots generated by Matlab in Figure 4.7 represent the trend of tree simplicity values for 

varying d, when k is fixed to 1, 2 and 3, respectively. When k is fixed, equation 4.7 is an 

exponential function. According to equation 4.2, the tree simplicity approaches 0.0 when 

k and d approach infinity. In e-Business/e-Learning environments, it is most likely that 

trees with very big depth would not arise. Therefore, we consider changes to the value of 

d from 1 to 40 in the subsequent figures. This applies to the value of k as well.  

Each plot in Figure 4.7 has the same trend: tree simplicity decreases when the depth (d) of 

the tree increases. However, for the same d, the smaller the value of k, the bigger is the 

tree simplicity. Furthermore, the bigger the value of k, the faster the plot approaches 0.0. 

This agrees with our analysis of equation 4.2. 

The plots in Figure 4.8 show the monotonically decreasing of tree simplicity values for 

increasing k, when the value of d is fixed to 1, 2 and 3. When d is fixed, equation 4.7 is a 

polynomial function.  
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Plots in Figure 4.7 display the monotonically decreasing of tree simplicity values for 

increasing d. For the same k, the smaller the value of d, the bigger is the tree simplicity. 

Furthermore, the bigger the value of d, the faster the plot approaches 0.0. 

                

 

The maximum simplicity value for a k-ary tree is 0.5 when both k and d are 1 (1-ary tree). 

An example tree of this case is shown in Figure 4.9. 

                                       

 

 

 

However, both k and d in equation 4.7 may have arbitrary values. In our computation, we 

consider every combination when both of them vary from 1 to 40. This means that both 

the maximum root node degree (k) and the maximum depth (d) of the tree are equal to 40. 

Figure 4.10 shows the 3-dimensional plot of equation 4.7. It is easy to find that even when 

the values of k and d approach 40 (not infinity), the simplicity values are very close to 0.0.  

Figure 4.7. Simplicity as a function of d. Figure 4.8. Simplicity as a function of k. 

Figure 4.9. The k-ary tree when both k and d equal to 1.	 
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4.5 Summary 

We have proposed arc-labeled, arc-weighted trees to represent the product/service 

descriptions of buyers/ sellers in e-Business/e-Learning environments. We have 

formalized the definitions of our trees and present required properties of proposed tree 

simplicity measure. We have conducted experiments on balanced k-ary trees and also 

arbitrary trees with maximum d = 40 and k = 40. The computational results agree with our 

property requirements. 

Our trees are arbitrary trees without restrictions on node degree and depth. A simpler tree 

possesses a bigger simplicity value. The simplest tree is a tree that is empty and its 

simplicity is 1.0. In our algorithm a single node tree’s simplicity is defined as 0.9. The 

most complex tree is an infinite tree. The simplicity value for an infinite tree approaches 

0.0. We have formalized our tree simplicity measure as a recursive function. 

Figure 4.10. Simplicity as a function of d and k. 
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The proposed tree simplicity measure can not only be used by our tree similarity measure 

that will be illustrated in Chapter 5, but also can be applied independently. 
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Chapter 5 Tree Similarity Computation 

Unlike tree similarity measures on common trees (trees only have node labels), our tree 

similarity algorithm (Bhavsar, Boley, & Yang, 2004) will count contributions from node 

labels, arc labels, and arc weights. The tree similarity algorithm proposed in this thesis is 

different from previous tree edit distance and schema matching algorithms due to its 

different tree representation. Basically, it performs a top-down traversal of trees and 

bottom-up computation of similarity (Stahl, 2002). 

During the development of our tree similarity measure, several issues have to be tackled 

because of the quite general shape of trees, their recursive nature, and their arbitrary sizes. 

The similarity function maps two such potentially very complex trees to a single real 

number ranging between 0.0 and 1.0. Our current algorithm considers both global 

similarity measure for inner nodes and local similarity measures for leaf nodes.  The global 

similarity measure computes the similarity of two trees based on matching pairs of arc 

labels and inner node labels. In this thesis, the local similarity measure, which compares 

leaf node labels, is for different types of product/service attributes.  

One important feature of our algorithm is that we provide various parameters for users to 

select. Different parameters lead to relatively higher or lower similarity values but does 

not change the order of trees according to their similarity values to a reference tree. In this 

chapter, we also discuss the reason why we give up some other parameters we could have 

used. 

We confine our similarity values to 4 or less decimal digits since 4 digits are precise 

enough for analyzing computational results. Similarity values could be rounded to keep it 

at most 4 decimal digits. 
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5.1 Issues 

In this subsection, we present seven groups of characteristic sample trees that explore 

relevant issues for developing a similarity measure. 

Example 1: 
                                 

 

 

 

 

In Figure 5.1, trees T1 and T 2 have the same root node label “Car”. But the node labels of 

sub-trees (leaf nodes here) are all different. In this example, although the two leaf nodes 

have numeric values, our syntactic matching does not find out their closeness, but present 

a binary value, 0 or 1. Therefore, the similarity of these trees is defined as zero. However, 

we award a user specifiable similarity ‘bonus’ reflecting the identity of the root nodes. In 

the algorithm, we use N as the parameter for root node identity. In this thesis, we always 

use N = 0.1 as the default similarity ‘bonus’ value. However, in the analysis of the 

algorithm in Chapter 6, we test for N equal to 0.1, 0.25, 0.5, 0.75, and 0.9. 

Example 2: 

This example can be viewed as a modification of Example 1. In Figure 5.2 (a), trees T1 

and T2 have one identical sub-tree, the leaf “Ford,” and therefore the similarity of these 

two sub-trees is considered as 1.0. However, we note that the weights of the arcs labeled 

“Make” are 0.0 versus 1.0. This indicates that tree T1 puts no emphasis on the “Make” of 

the automobile, even though “Ford” is specified. Tree T2 puts all emphasis on the “Make” 

of the automobile.  

Car 

0.5 
Make 

2002 Ford 

Year 
0.5 

Car 

0.5 
Make 

1998 Chrysler 

Year 
0.5 

Figure 5.1.  Two trees with mismatching leaves. 

T1 T	2 
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The averaged weight, using the arithmetic mean, of the corresponding branches is (0.0 + 

1.0)/2 = 0.5. Our similarity measure for the “Make” branches, then, is defined using a pre-

multiplier of value 1.0, because of the same label “Ford,” as 1.0 × (0.0 + 1.0)/2 = 0.5. We 

could have chosen to use the geometric mean, which would give zero branch similarity. 

However, the branch similarity should be nonzero for identical sub-trees. Since the leaf 

node labels for the “Year” branches are different we use a pre-multiplier of 0.0, and we 

obtain 0.0 × (1.0 + 0.0)/2 = 0.0. Thus, the weights of the branches do not contribute to the 

similarity, as stated for Example 1. We consider the similarity of trees with one having an 

arc weight equal to 0.0 to be larger than the similarity of trees with one having a missing 

arc. So, if we denote the similarity between trees Ti and Tj as S (Ti, Tj), the similarity of the 

entire trees T1 and T2 is defined as follows (with N = 0.1):  

S (T1, T2) = 0.1 + 0.9 × (1.0 × (0.0 + 1.0) /2 + 0.0 × (1.0 + 0.0) / 2) = 0.55. 

In Figure 5.2 (b), tree T3 and tree T4 are the same as in Figure 5.2 (a) but have identical 

leaves. In this case, trees are exactly the same except for their weights. In an e-Business 

environment this can be interpreted as follows. While the seller and buyer have attached 

opposite branch weights to reflect their subjective preferences, their cars represented are 

Figure 5.2.  Trees with opposite arc weights. 

Car 

0.0 
Make 

2002 Ford 

Year 
1.0 

Car 

1.0 
Make 

1998 Ford 

Year 
0.0 

T1 T	2 

Car 

0.0 
Make 

2002 Ford 

Year 
1.0 

Car 

1.0 
Make 

2002 Ford 

Year 
0.0 

T3 T	4 
(a)  Trees with opposite extreme weights. (b) Trees as in (a) but with identical leaves. 
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exactly the same. This implies that the similarity of the two trees should be equal to 1.0. 

Indeed, we obtain the similarity analogously to the case of (a), as follows:  

S (T3, T4) = 0.1 + 0.9 × (1.0 × (0.0 + 1.0) / 2 + 1.0 × (1.0 + 0.0) / 2) = 1.0. 

Example 3: 

                 

 

 

 

 

 

Figure 5.3 (a) and (b) represent two pairs of trees only differing in the weights of the arcs 

of T2 and T4. In Figure 5.3 (a), T1 has only one arc with label “Make,” which also occurs 

in tree T2. But their leaf node labels are different. The situation of Figure 5.3 (b) is the 

same as Figure 5.3 (a) except that the weight of the label “Make” is 0.9 in tree T4, while it 

is 0.1 in tree T 2. On cursory look, the similarity of both pairs of trees should be identical 

because the leaf node differences between each pair of trees are identical. However, we 

should not overlook the contribution of the weights. In tree T2, the weight of arc-label 

“Make” is much less than that in tree T4. Thus, during the computation of similarity, the 

weight of the arc labeled “Make” should make a different contribution to the similarity: 

the importance of the “Chrysler-Ford” mismatch in Figure 5.3 (a) should be much lower 

than the same mismatch in Figure 5.3 (b).  So, we expect S (T1, T2) > S (T3, T4). 

 

 

 

Figure 5.3.  Tree pairs only differing in arc weights. 

Car 

1.0 
Make 

Chrysler 

Car 

0.45 Make 

2000 Ford 

Year 
0.45 

T1 T	2 T3 T	4 

(a) (b) 

0.1 
Category 

Sedan 

Car 

1.0 
Make 

Chrysler 

Car 

0.05 Make 

2000 Ford 

Year 
0.05 0.9 

Category 

Sedan 
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Example 4: 

              

 

 

 

 

In Figure 5.4 (a), tree T1 only has one arc, while tree T3 in Figure 5.4 (b) has two arcs. 

Trees T2 and tree T4 are identical. However, in both pairs of trees, for identical arc labels, 

the leaf nodes are different. For example, both trees T3 and T4 have are-label “Year”, but 

their node labels are “1999” and “2000”, respectively. Tree T1 only has one different sub-

tree compared to tree T2, but tree T3 has two different sub-trees compared to tree T4. 

Therefore, we expect S (T1, T2) > S (T3, T4). 

Example 5: 

   

 

 

 

 

In Figure 5.5 (a) and (b), trees T1 and T2 and trees T3 and T4 have almost the same structure 

and labels except one pair of node labels “2002” and “1999” and arc weights. So, we are 

sure that node labels and arc labels cannot make S (T1, T2) and S (T3, T4) different. But the 

arc-label “Year” in Figure 5.5 (a) has greater weight than the one in Figure 5.5 (b), 

Figure 5.4.  Tree pairs with left-tree refinement. 

Car 

1.0 
Make 

Chrysler 

Car 

0.3333 Make 

2000 Ford 

Year 

T1 T	2 T3 T	4 

(a) (b) 

Category 

Sedan 

Car 

0.5 
Make 

Chrysler 

Car 

Make 

2000 Ford 

Year Category 

Sedan 
0.3334 0.3333 

Year 
0.5 

1999 

0.3333 
0.3334 0.3333 

Figure 5.5.  Tree pairs with the same structure. 

Car 

0.3333 Make 
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Year 

T	2 T3 T	4 

(a) (b) 

Category 

Sedan 

Car 

Make 

1999 Ford 

Year Category 

Sedan 
0.3334 0.3333 0.3333 

0.3334 0.3333 

Car 

0.3 Make 

2002 Ford 

Year Category 

Sedan 

Car 

Make 

1999 Ford 

Year Category 

Sedan 

0.2 0.5 0.3 0.2 0.5 

T	1 
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therefore the mismatch of their node labels should make bigger contribution to the overall 

similarity and thus we expect S (T1, T2) < S (T3, T4).  

Example 6: 

                       

 

 

 

 

Figure 5.6 gives four sample trees with an increasing number of sub-trees. Tree T1 is a 

single node tree while the other trees have increasing number of missing branches 

compared to T1. Intuitively, when comparing tree T1 to other trees, the more complex a 

tree, the smaller the tree’s simplicity (we refer to it as treeplicity), and, consequently, the 

smaller its similarity with T1. Thus, we initially expected that S (T1, T2) > S (T1, T3) >           

S (T1, T4) and S (T2, T3) > S (T2, T4).  

Example 7 (Don’t Care Nodes): 

Nodes except root node in our trees might have “Don’t Care” label. Therefore, the “Don’t 

Care” node is either a leaf node or an inner node which is the root node of a sub-tree. 

In Figure 5.7, for the four pairs of trees, we focus on the “Don’t Care” node and “Sedan” 

node that have the same arc label, Category. There are four cases for their similarity 

computation: “Don’t Care” leaf vs. “Sedan” leaf, “Don’t Care” sub-tree vs. “Sedan” leaf, 

“Don’t Care” leaf vs. “Sedan” sub-tree, “Don’t Care” sub-tree vs. “Sedan” sub-tree. 

Wherever the “Don’t Care” node occurs in a tree, its similarity with its corresponding part 

in the other tree is always 1.0. 

 

Figure 5.6.  Trees with an increasing number of sub-trees. 
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5.2 Desired Properties 

Similarity is commonly discussed by comparison of distance. Before we discuss the 

properties of our tree similarity measure, we present the definitions of distance and 

similarity measures (Spath, 1980). There are many similar definitions (Lin, 1998) in 

literature. 

5.2.1 Definitions 

We provide the definition of distance first. 

Distance Measure: A distance measure on a set M is a real valued function  

D: M 2 → IR+.  

The following properties can hold: 

(1)  x  M       D (x, x) = 0   (Reflexivity) 

(2)  A distance measure is symmetric iff:                   (Symmetry) 

" Î

Figure 5.7.  Trees with “Don’t Care” nodes. 
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             x, y  M   D (x, y) = D (y, x)               

(3)  A distance measure is a metric iff:                      (Triangle Inequality) 

             x, y  M      D (x, y) = 0 → x = y   

             x, y, z  M  D (x, y) + D (y, z) ≥ D (x, z)              

Similarity Measure: A similarity measure on a set M is a real function sim: M 2 → [0, 1]. 

The following properties can hold: 

      (1) x M:    sim(x, x) = 1                          (Reflexivity) 

(2)  A similarity measure is symmetric iff:                 (Symmetry) 

             x, y  M:  sim(x, y) = sim(y, x)              

(3)  A similarity measure is a metric iff:                     (“Triangle Inequality”) 

        x, y, z  M:  [sim(x, y)+ sim(y, z)] sim(x, z)  sim(x, y) sim(y, z)  

The third property (“Triangle Inequality”) of the similarity measure is an analogous to the 

third property of the distance measure.  

Based on the above definition of similarity measure, we define our tree similarity measure 

as follows: 

Tree Similarity Measure: A tree similarity measure on a set M which contains n trees 

{T1, T2, T3, …, Tn} is a real function S: M 2 → [0, 1]. The following properties hold: 

       (1)  Ti M:    S (Ti, Ti) = 1 where 1 ≤ i ≤ n    (Reflexivity) 

    (2)  A similarity measure is symmetric iff:                               (Symmetry) 

  Ti, Tj  M:  S (Ti, Tj) = S (Tj, Ti)  where 1 ≤ i ≤n, 1 ≤ j ≤ n, and i≠j        

5.2.2 Symmetry  

A similarity measure can either be symmetric or asymmetric (Bridge, 1998). As illustrated 

in the last section, our tree similarity algorithm is symmetric. This means the similarity of 

" Î

" Î

" Î

" Î

" Î

" Î × ³ ×

" Î

" Î
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a pair of trees is the same value no matter in what order the two trees are passed to our 

tree similarity algorithm.  

In some applications, similarity should arguably be asymmetric. For example, for “tuition” 

in an e-Learning environment, if a learner wants to buy a course for $800, a $1000 offer 

from a course provider does not lead to a successful transaction. However, both of them 

will be happy if the course provider asks $800 and the learner would be willing to buy it 

for $1000. It seems that the buyer and seller tree similarity for “tuition” is asymmetric. 

However, we can transform this asymmetric situation into a symmetric one. The buyers 

and sellers may have, respectively, maximally and minimally acceptable prices in their 

minds. Our price-range similarity measure (Yang L. , Sarker, Bhavsar, & Boley, 2005 (1)) 

allows a buyer and a seller to specify their preferred prices. Thus, the buyers’ preferred 

and maximum prices (Bpref and Bmax) and the sellers’ minimum and preferred prices (Smin 

and Spref) form the price ranges [Bpref, Bmax] and [Smin, Spref], respectively. Our price-range 

similarity algorithm linearly maps each pair of price ranges to a single similarity value 

according to their overlaps. Besides the “Price”-typed node labels, we also proposed other 

symmetric similarity measures (Yang L. M., 2005 (2)) for typed leaf node labels, for 

example, dates.  

5.2.3 “Triangle Inequality” 

From the above two definitions, the main difference between similarity and distance 

measures is the ‘Triangle Inequality’ property of distance measure. This property only 

holds when the distance measure is a metric. Usually, similarity measure is not a metric, 

and this property does not hold for our similarity measure. 
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5.2.4 Transformation from Distance to Similarity 

The value ranges of a distance and a similarity measure are [0, + ) and [0, 1]. Distance 

and similarity can be transformed in both directions. Some applications need distance 

calculation, while similarity computation is more appropriate for other applications. A 

transformation between them is helpful for analysis in some cases. Due to the 

characteristics of the applications, e-Business, our algorithm is employed, we choose 

similarity measure which has a concrete number of matching instead of distance measure 

that two products/services without any overlap result in an infinity of matching. Concrete 

similarity value makes it easier for us to analyze results and compare with other algorithms. 

The transformation from distance to similarity is a function mapping values in the two 

ranges [0, + ) and [0, 1]. Among these functions, exponential function is a good 

candidate for the transformation. 

                                                    S = e-aD                                                                              5.1 

    

 

 

 

 

 

In equation 5.1, a is a parameter which is adjustable. D is the distance value. Figure 5.8 

shows two cases (different convexities) of equation 5.1. We can adjust the value of a to 

get different convexities. If equation 5.1 has downward convexity, a small difference 

between two values of D causes a big decrease of S. However, using an upward-convexity 

¥

¥

S 

D 

  

downward convexity 

upward convexity 

Figure 5.8. Transformation between similarity and distance. 
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version of equation 5.1, a small difference between two values of D causes a small 

decrease of S. 

5.3 The Basic Algorithm 

The tree similarity algorithm is defined recursively, by case analysis. In this section, we 

explain its two main functions calcsim and treeplicity in semi-formal English. 

calcsim (N, A, T, T ́) 

The function calcsim (N, A, T, T ́) is the workhorse of the tree similarity algorithm. It 

calculates the similarity of two input trees T and T ́ and returns the similarity value as a 

float that falls into the real interval [0, 1]. A node-equality fraction, as we mentioned as 

the ‘bonus’ for identical root node labels in last chapter, N 

─ value from [0, 1] ─ is added to the complementary fraction (1-N) of this sub-tree 

comparison (in this thesis, the value of N is consistently assumed to be 0.1). The function 

treeplicity is called by calcsim in some cases. 

Generally speaking, our algorithm traverses input trees top-down (root-to-leaf) under 

identically labeled arcs and then computes their similarity bottom-up. Every tree is divided 

into sub-trees. So, the top-down traversal and bottom-up computation is recursively 

employed for every pair of sub-trees. After getting similarity values of every pair of sub-

trees, we can compute the similarity of two complete trees. 

The calcsim recursion is terminated by two (sub-)trees T and T ́ (root-to-leaf) that are leaf 

nodes or empty trees, in which case their similarity is 1.0 if their node labels are identical 

and 0.0 otherwise. 

If only one of the (sub-)trees is a leaf node, the other being a non-leaf node (including an 

empty tree), the leaf node is ‘converted’ into an empty tree taking over the leaf node label, 

and the similarity of the resulting trees is computed. 
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The similarity of two (sub-)trees, T and T ́,́ including leaves, with different node labels is 

defined to be 0.0. 

If two non-empty (sub-)trees have identical root node labels, their similarity will be 

computed by a recursive top-down traversal through the sub-trees, Ti and Ti ́, that are 

accessible on each level via identical arc labels li; on a given level, the index i ─ implicit 

in the recursion of our implementation ─ accesses the arc 

labels in lexicographic (left-to-right) order. 

In general, the arcs can carry arbitrary weights, wi and w'i from [0.0, 1.0]. The weights are 

averaged using the arithmetic mean, (wi + w'i)/2, and the recursively obtained similarity si 

of trees Ti and Ti ́ is multiplied by the averaged weight. Finally, on each level the sum of 

all such weighted similarities, si (wi + w'i)/2, is divided by the sum of all averaged weights.  

Definition 5.1 Tree Similarity. The tree similarity between two trees T1 and T2, is formally 

defined as follows. 

S (T1, T2) = å (si (wi + w'i)/2) / å (wi + w'i)/2                                                                   5.2 

where si is the similarity of a pair of subtrees in T1 and T2. The subtrees are either root at 

inner nodes of trees T1 and T2, or they are simply a pair of leaf nodes (i.e. subtrees consisting 

of single nodes). 

During the computation of tree similarity, the intermediate si may become smaller and 

smaller because it always multiplies numbers between [0.0, 1.0]. Therefore, the final 

similarity value might be a very small number even though the two trees are quite similar. 

In order to compensate similarity degradation for nested trees, an adjustment function A 

can be applied to si  and we assume A(si) ³ si. In general, A can be any function from [0.0, 

1.0] to [0.0, 1.0].  
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Definition 5.2 Adjustment function. The adjustment function on an intermediate subtree 

similarity, si, is a monotonically increasing real function A: si → [0, 1]. The following 

property holds:                                    

A(si) ³ si                                                                                                                            5.3                               

Two examples are the identity function, A(si) = si, and the square root, A(si) = . The 

adjustment function also permits sellers and buyers to use different ‘yardsticks’, even 

when comparing the same pair of trees. For example, for buyers and sellers biased towards 

higher similarities, the square root function is preferable to the identity function. More 

candidate functions and the experimental results will be provided in subsection 5.7.2. 

Definition 5.3 Adjusted Tree Similarity. The adjusted tree similarity between two trees 

T1 and T2 is formally defined as follows. 

S (T1, T2) = å (A(si) (wi + w'i)/2) / å (wi + w'i)/2                                                           5.4 

where si is the similarity of a pair of subtrees in T1 and T2. The subtrees are either root at 

inner nodes of trees T1 and T2, or they are simply a pair of leaf nodes (i.e. subtrees consisting 

of single nodes). 

In the special case that weights on some level of both trees add up to 1, the denominator 

of formula 5.2 and 5.4 becomes 1. Hence, if we require that the weights on each level of 

both trees add up to 1 (a reasonable assumption used throughout this paper), formula 5.2 

and 5.4 will be simplified. Employing such simplification in formula 5.2 and 5.4, we get 

two new definitions for tree similarity.  

Definition 5.4 Simplified Tree Similarity. The simplified tree similarity between two 

trees T1 and T2, is formally defined as follows when sibling arc weights add up to 1. 

   S (T1, T2) = å (si (wi + w'i)/2)                                                                    5.5 

is
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where si is the similarity of a pair of subtrees in T1 and T2. The subtrees are either root at 

inner nodes of trees T1 and T2, or they are simply a pair of leaf nodes (i.e. subtrees consisting 

of single nodes). 

Definition 5.5 Simplified Adjusted Tree Similarity. The simplified adjusted tree 

similarity between two trees T1 and T2, is formally defined as follows when sibling arc 

weights add up to 1. 

S (T1, T2) = å (A(si) (wi + w'i)/2)                                                                   5.6 

where si is the similarity of a pair of subtrees in T1 and T2. The subtrees are either root at 

inner nodes of trees T1 and T2, or they are simply a pair of leaf nodes (i.e. subtrees 

consisting of single nodes). 

Figure 5.9 shows the semi-formal description of our tree similarity algorithm. 

Input: A bonus value N in [0,1] that is assigned to two (sub-)trees that have identical root node labels.  
           An adjustment function A. 

               Two trees T and . 
 
Output: similarity value of T and . 
 
calcsim ( N, A, T , ) 
 
Begin   
1  finalSimilarity=0.0, finalSimplicity=0.0 
2  // both T and are a single node tree 
3  if  both T and only contain a single node 
4       if their node labels are identical or either of them is “don’t care” return 1   endif 
5       else  return 0   endelse 
6  endif 
7  // both T and are complex trees 
8  else if  both T and have sub-trees 
9     if T and  have different root node labels   return 0 

      10    else if  T or has “don’t care” root node return 1 
      11    else 
      12         i = 0    // counter of the arcs stretching out from root node of T  
      13         j = 0    // counter of the arcs stretching out from root node of  
      14         while i<= number of arcs of T and j<= number of arcs of    // number of arcs of a tree is the   
       15                                                                                                           // number of arcs that stretch out from the root node of that tree                      

      16              if  the ith arc label of T is equal to the jth arc label of    
      17                  sim = A(calcsim(Ti, Tj))     // adjustment function A is applied Ti and Tj are the sub-trees that root from the end  

            18                                                                                // nodes of the ith arc of T and the jth arc 

      19                  weightAvg = ((the weight of the ith arc label of T + the weight of the jth arc label of )/2.0) 
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'T
'T

'T
'T

'T
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'T
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      20                  finalSimilarity += sim * weightAvg 
      21                  i = i+1 
      22                  j = j+1 
      23               endif 
      24               //a sub-tree in T is missing in or a sub-tree in  is missing in T 
      25               else if the ith arc label of T is less than the jth arc label of or the ith arc label of T is greater   
      26                             than the jth arc label of       
      27                   Tmissing =  Ti  (Tj)    // Ti (Tj) is the sub-tree that roots from the end node of the ith (jth)arc of T ( ) 
      28                   simplicity = treeplicity(1-N, Tmissing) 
      29                   finalSimplicity += 0.5 * simplicity 
      30                   i = i+1 (j = j+1) 
      31               endelseif                                              
      32          endwhile 
      33          // some sub-tree(s) are missing in T or  
      34          while i < arc number of T or j < arc number of          
      35               Tmissing = Tj  (Tj)       
      36               simplicity = treeplicity(1-N, Tmissing) 
      37               finalSimplicity +=0.5 * simplicity 

38               i = i+1 (j = j+1)              
39          endwhile            

  40               return  N + ((1-N)*(finalSimilarity + finalSimplicity)) 
  41           endelseif 
  42          // one tree is a single node, the other one is a complex tree 
43           else if  T ( )is a single node and (T ) is a complex tree and one of them has a root node labeled  
44            “don’t care”   
45            return 1 
46      else if  both T and don’t have “don’t care” root node label  
47          if their root node labels are different     return 0 

  48                  else    
  49                     sumSimplicity = 0.0                       
  50                      for ( i=0; i< the number of arcs of (T); i++) 
  51                             Tmissing=Tj  
  52                             sumSimplicity +=treeplideg * treeplicity(1-N, Tmissing) 
  53                      endfor 
  54                      return N+(1-N)* sumSimplicity 
  55               endelse 
  56      endelseif         
  57     else return 0 
  Stop 

 

 

During the similarity computation of two trees, whenever a sub-tree is missing in the other 

tree, treeplicity is called to calculate its tree simplicity. Tree simplicity algorithm is 

described in Section 4.2. 

'T 'T
'T

'T
'T

'T
'T

'T 'T

'T

'T

Figure 5.9. The tree similarity algorithm. 
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5.4 Taxonomic Class Similarity  

In order to improve the binary similarity value of exact string matching of node labels in 

our algorithm, we enrich our global (structural) similarity measure over partonomy trees 

by taxonomic semantics. Inner nodes can be located as classes in a taxonomy tree which 

represents the weighted hierarchical relationship of them. Thus, the semantic similarity of 

two inner node labels is transformed into the similarity of two classes in a taxonomy tree.  

To enable similarity comparisons between specialized versions of this ‘background’ 

taxonomy, we encode sub-taxonomy trees into partonomy trees in a way that allows the 

direct reuse of our partonomy similarity algorithm and permits weighted (or ‘fuzzy’) 

taxonomic subsumption with no added effort.  

5.4.1 Taxonomy Tree 

A taxonomy tree is a tree-structured classification of a domain. Two literally similar 

objects can be semantically quite different if they are from different domains. 

Classification based upon semantic domains is one way to differ various classes. Usually 

a domain contains sub-domains and a sub-domain can be further divided into multiple 

sub-domains. A domain and sub-domains always have a ‘is-a’ relationship. Due to 

different complexities of domains, domain sizes vary greatly. Some domains have a lot of 

levels which represent different classification granularity levels of domains. While, some 

domains have less levels but much wider classification at some level which represent 

various sibling classifications for some domains or sub-domains. 

When the structure of ‘domains and sub-domains’ is created for a specific domain, we say 

a taxonomy is created. In this thesis, we discuss taxonomy trees that are employed for our 

taxonomic class similarity. 
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5.4.2 Taxonomic Class Similarity 

Taxonomic class similarity in this thesis stands for the similarity of semantics of two inner 

node labels. The value of taxonomic class similarity also falls into the real interval [0.0, 

1.0] where 0.0 and 1.0 indicates totally different and identical class matching, respectively. 

As long as a pair of node labels have overlapping semantics, the value of its taxonomic 

class similarity should be greater than 0.0. For example, “Java Programming” and “C++ 

Programming” can be in the same class “Object-Oriented Programming” and they should 

have a non-zero class similarity. However, although “Prolog Programming” is located in 

a difference class “Logic Programming”, it still has non-zero but smaller class similarity 

with “Java Programming” and “C++ Programming” because all of them are in the same 

class “Programming”.  

For ease of explanation, we limit our discussion to a small set of the ACM Computing 

Classification System (http://www.acm.org/class/1998/ccs98.txt). According to its 

classification of “Programming Techniques”, we created a weighted taxonomy tree shown 

in Figure 5.10. The arc weight represents the degree of closeness between a child node 

and its parent node. In other words, it describes to what degree the child node falls into 

the domain of its parent node. Note that the domains of child nodes of a parent node may 

overlap. Consequently, the sum of the weights of sibling arcs is not limited to a fixed 

number (such as 1.0). Each weight can thus be assigned independently without considering 

other weights in the tree. For example, it is possible that all sibling arcs of a sub-tree have 

weight 1.0 or a very low weight (say, 0.1). Hence, these taxonomic arc weights are 

interpreted as fuzzy subsumption values. They can be determined by human experts or 

machine learning algorithms (we have developed techniques for automatic generation of 

fuzzy subsumption from HTML documents (Boley, et al., 2005) (Singh, 2005). 
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Given the taxonomy tree of “Programming Techniques”, we find the taxonomic similarity 

of two classes by traversing the tree and compute the product of the weights of the shortest 

path between the classes in the taxonomy, explicitly considering the path length and class 

level. The shortest path consists of the edges from the two classes to their smallest 

common ancestor (which can coincide with one of the classes). 

However, in Figure 5.10, if we were to assume the weight between “Concurrent 

Programming” and each of its children (“Distributed Programming” and “Parallel 

Programming”) was 1.0, we would get a similarity value of 1.0 for classes “Distributed 

Programming” and “Parallel Programming”. This is not reasonable because “Distributed 

Programming” and “Parallel Programming” do not have a perfect overlap.  Therefore, we 

consider the relative path length of two classes compared to the size of the whole tree as 

another factor of the similarity computation. If we denote the numbers of edges of the 

shortest path of two classes and of the whole tree as Ns and Nt, respectively, QR
QS

 represents 

the relative path length factor between the two classes. The larger the value of 0 £ QR
QS
	£ 1, 

the greater is the relative path length and thus the smaller the similarity between the two 

classes. Therefore, we use 1- QR
QS
	as the factor to contribute to their similarity. Thus, the 

taxonomic class similarity is computed by equation 5.7. 

Figure 5.10. Taxonomy tree of “Programming Techniques”. 
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                                          𝑇𝑆(𝑐&, 𝑐() = (1 − QR
QS
) × 𝑀                                                     5.7                                                                  

TS (𝑐&, 𝑐() is the similarity of two classes, 𝑐&𝑎𝑛𝑑	𝑐( . M represents the product of the 

weights along the shortest path connecting 𝑐&𝑎𝑛𝑑	𝑐(. However, there still is a problem 

with equation 5.7. We illustrate this problem by the following example. After applying 

equation 5.7 to two pairs of classes in Figure 5.10, “Programming Techniques” and 

“Distributed Programming”, and “Distributed Programming” and “Parallel Programming”, 

respectively, we obtain the same similarity value 0.2625 for them. However, it is intuitive 

that “Distributed Programming” and “Parallel Programming” are more similar than 

“Distributed Programming” and “Programming Techniques”. This problem is caused by 

the different levels of those classes within the “Programming Techniques” domain. The 

higher the level of a class is in the taxonomy tree, the more general/abstract information 

it carries. Therefore, we incorporate a level difference factor into the similarity 

computation. At this point, our similarity measure does not explicitly distinguish classes 

on the same vs. separate paths to the root (‘subsumption’ vs. ‘non-subsumption’ paths) 

and the asymmetry it would entail (our emphasis on symmetric similarity also explains 

the small subsumption similarity value of 0.0656 shown in the next paragraph). Equation 

5.7 is improved to get equation 5.8: 

                                  𝑇𝑆(𝑐&, 𝑐() = (1 − QR
QS
) × 𝑀 × 𝐹|=YZ[=Y\|                                            5.8                                                                  

𝐹|=YZ[=Y\|is the level difference factor where F’s value is in (0.0, 1.0) and |𝑑]ZJ𝑑]\| is the 

absolute difference of the depths of classes 𝑐&𝑎𝑛𝑑	𝑐( . Higher F values lead to higher 

similarity values. We always assume F = 0.5 in this thesis.  We get TS (Programming 

Techniques, Distributed Programming) = 0.0656 and TS (Distributed Programming, 

Parallel Programming) = 0.2625. Another example is shown in Figure 5.11. Two trees T1 
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and T2 represent the courses requested and offered by a learner and a course provider, 

respectively. The two root node labels “Distributed Programming” and “Object-Oriented 

Programming” are two classes in the taxonomy tree of Figure 5.10. The shortest path is 

shown by dashed lines with arrows. Their taxonomic class similarity is 0.0766 by equation 

5.8. 

 

 

 

 
 
 
 
 

5.4.3 Encoded Taxonomy Tree 

While the previous subsection utilized a given shared (‘background’) taxonomy for the 

semantic similarity of pairs of partonomies, this subsection considers a converse task: to 

compute the similarity of pairs of taxonomies (e.g. subtaxonomies of the background 

taxonomy, as required in our Teclantic project, encoding a taxonomy tree into partonomy 

tree (as a “Classification” branch). This will be done in a way that allows the direct reuse 

of our partonomy similarity algorithm and permits weighted (or ‘fuzzy’) taxonomic 

subsumption with no added effort. 
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Figure 5.11. Trees of a learner and a course provider. 
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We use the taxonomy tree in Figure 5.12 as an example. Since the taxonomy tree is 

encoded into the partonomy tree, it must be arc-labeled and arc-weighted. Figure 5.13 

shows a modification of the tree in Figure 5.10. Classes are represented as arc labels. Each 

class is assigned an arc weight by the user. All sibling arc weights of a sub-tree sum up to 

1. All node labels except the root node label are changed into “Don’t Care”. 

In Figure 5.13, two example course trees are presented, both including a subsection of the 

ACM taxonomy from Figure 5.11 embedded under the “Classification” branch. These 

taxonomic sub-trees represent the areas from the ACM classifications that are related to 

the materials of the course, with the weights representing the relative significance of those 

areas.  

 
 
 
 
 
 
 
 
 

Figure 5.12. Taxonomy tree of “Programming Techniques” for encoding. 
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Users can optionally specify the weights for those arcs under the “Classification” branch. 

If they give weights, they must follow the constraint that sibling arc weights add up to 1.0 

(Figure 5.13 shows this case). However, if they do not provide any weights for them, our 

algorithm will automatically generate those weights by normalizing the corresponding 

weights in the background taxonomy. For example, in tree T1 of Figure 5.13, suppose that 

there are no weights for arcs “Concurrent Programming” and “Sequential Programming”. 

Our algorithm finds their arc weights as 0.5 and 0.7, respectively, in the background 

taxonomy in Figure 5.10. In order to make them add up to 1.0 in Figure 5.13, we perform 

a normalization by dividing both of them by their sum. Here we get ^._
^._`^.a

 = 0.4167 and 

^.a
^._`^.a

 = 0.5833 for “Concurrent Programming” and “Sequential Programming”, 

respectively. With our taxonomy trees embedded into our regular user similarity trees, the 

taxonomic descriptions of the courses also contribute to the similarity computation like 

other non-taxonomy sub-trees such as “Duration”, “Tuition” and so on. The Teclantic 

project (Mathieu, 2006) uses this technique to allow users to classify their projects using 

a taxonomy of research and development areas. 

Figure 5.13. Two course trees with encoded subtaxonomy trees. 
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5.5 Local Similarity 

Our tree similarity algorithm focuses on the global similarity ─ the similarity of two trees 

based on matching pairs of arc labels and inner node labels. However, we also develop 

local similarity measures ─ the similarity of leaf node labels that are different types of 

data. For example, “address”, “price” and “date”.  

In real life, some cities have the same name although they belong to different countries. 

For example, “Sydney” is a city of Canada and it is also a city of Australia. If we meet 

identical node labels of address in our trees, we do not give 1 as their similarity value, but 

check the context to see if they are really the same address. For dates, we make use of 

some Java methods to convert string to integer. Thus, we can easily compute the difference 

between the integer values of two dates (Yang L., 2005 (2)) and get a similarity value of 

them that also falls into [0, 1]. Sometimes, users provide keywords in different order 

although they are describing the same thing. For example, “Java Programming” and 

“Programming in Java”. Actually, they are the same semantically. So, defining a similarity 

value 0 of them is not reasonable. However, string comparison and natural language 

processing are not the theme of this thesis. We solve this problem by allowing the 

permutation of words in a string. We do not care the order of the words in a string, but 

care how many identical words in two strings. For example, “a b c” is identical to “b a c”, 

thus we get similarity 1 for them. For strings that have partial identical words, we divide 

the number of their identical words by the bigger length of the two strings. So, we get 

similarity 2/3=0.1667 for strings ““Java Programming” and “Programming in Java”. Of 

course, deleting preposition “in” in the second string results in a more reasonable 

similarity 1. However, the semantic string comparison is out of the range of this thesis. 
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Here, we give an example of a local similarity measure on “Date”-typed leaf nodes. We 

define a comparison for “Date”-typed node labels. Figure 5.14 shows two trees that 

describe the start dates and end dates of two projects. They are segments of the trees we 

use in our Teclantic (Mathieu, 2006) project. The corresponding WOO RuleML 

representation of tree T1 that describes the dates and date comparison handler is shown in 

Figure 5.15. 

 

 
 
 
 
 
 
                            Figure 5.15. WOO RuleML representation of tree T1 in Figure 5.14. 
 
The “handler” attribute of the “Ind” tag tells our algorithm that a special local similarity 

comparison should be conducted. In this case the “date” comparison. “Date”-typed node 

labels can be easily transformed into integer values thus their difference can be computed. 

If we use date1 and date2 to denote the integer values of dates date1 and date2, the 

similarity of date1 and date2, DS (date1, date2), can be computed by the following 

equation. 

<Cterm> 
     <Ctor>Project</Ctor> 
     <slot weight="0.5"> 
          <Ind >end_date</Ind> 
          <Ind handler="date">Nov 3, 2004</Ind> 
     </slot> 
     <slot weight="0.5"> 
          <Ind >start_date</Ind> 
          <Ind handler="date">May 3, 2004</Ind> 
     </slot> 
</Cterm> 
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Figure 5.14.  “date” sub-trees of projects. 
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																										𝐷𝑆(date1, date2) = 8
0.0																						if	|date1 − date2| ≥ 365
1 − |klmn&Jklmn(|

op_
																									𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒	                                       5.9 

 

If |date1 - date2| is equal to 0, the date similarity is 1.0. If |date1 - date2| is equal to or 

greater than 365, the date similarity is assumed as 0.0 for the purpose of this illustration. 

Other values of |date1 - date2| are mapped linearly between 0.0 and 1.0. Using this date 

similarity measure and our tree similarity algorithm, the similarity of trees T1 and T2 in 

Figure 5.14 is 0.74. 

In e-Business applications, “price” is a very important attribute for products/services for 

both buyers and sellers. Buyers and sellers have price ranges in their minds. We developed 

a price range similarity measure (Yang L., 2005 (1)) for “Price”-typed leaf node matching. 

5.6 Implementation 

We have implemented the tree similarity algorithm in the declarative language Relfun and 

objected-oriented language Java. The trees can also be exchanged using an XML 

serialization in Object-Oriented RuleML. We use Relfun to implement the similarity 

algorithm as a parameterised, recursive functional program. We also implemented an 

extended recursive Java version. The Java version takes two XML trees as input, and 

outputs the similarity value for them. Besides the efficiency and the wide-spread use, 

employing Java made it easier for us to allow user interactions about parameter values, 

define arrays of trees, and sort tree similarity values. We used both the Relfun and Java 

versions for our tests and experiments. We also have a tree generator. It takes the 

maximum tree breadth and depth as input and generates all sub-trees whose breadths and 

depths are smaller than or equal to the maximum numbers specified.  
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5.7 Algorithm Analysis 

In this section, we analyse parameters, adjustment functions that affect the algorithm. We 

also calculate the complexity of the algorithm in this section. 

5.7.1 Function Parameters ─ N, DI 

As described in Section 5.2, node-equality fraction N and depth degradation index DI are 

used by functions calcsim and treeplicity.   

The node-equality fraction N which is a ‘bonus’ value from [0, 1] is added to the 

complementary fraction (1-N) of this sub-tree comparison. Although the value of N is 

consistently assumed to be 0.1 in this thesis, we would like to discuss the results of our 

tree similarity algorithm with changing N values in this subsection. Because parameter N 

is just a value that takes into account the relative importance of the roots versus the (sub-

)trees underneath, it cannot be very large (for example, 0.7). When two trees match 

perfectly, no matter how big the sub-tree is, the overall tree similarity is 1.0 and thus the 

value of N does not impact the similarity value. For example, for every pair of trees in 

Figure 5.16, the sub-trees can be empty, a single node, and arbitrary trees assuming they 

are identical here, respectively.  

 

 

 

 

 

 

For the ease of explanation, we use SR and SSub to represent the similarity of root nodes 

and sub-trees, respectively. So, we can use an informal formula to represent the similarity 

Figure 5.16.  Trees with simple and complex sub-trees. 
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of two trees: N×SR + (1-N)×SSub. In Figure 5.17, for each pair of trees, we assume that 

every pair of corresponding arcs has identical labels. The case of T1 and T2 is very simple 

because all similarity contribution is from the identical root node labels. However, for 

trees T3 and T4, the syntactic difference of leaf nodes “C” and “D” makes zero contribution 

to the overall similarity while identical sub-trees “B” makes a contribution to the overall 

similarity. In this case, it seems that both “A” and “B” contribute half similarity to the 

whole tree similarity. Therefore, N could be defined as 0.5. However, sub-trees can be 

arbitrary. They can be very deep and/or very wide. Therefore, for a given root node, sub-

trees can make much bigger contributions to the overall similarity than the root node due 

to very complex and detailed product/service attributes and arbitrary weights. So, the 

contribution from sub-trees should be more than 50% to the similarity of the whole trees. 

Correspondingly, root nodes make contributions less than 50%. Thus, a reasonable value 

of N should be equal to or less than 0.5.  

 

 

 

 

 

Here we provide a further analysis of the similarity values of trees in Figure 5.17. Trees 

T1 and T2 have identical root node labels and different sub-trees. We know that the 

similarity of trees “B” and “C” is 0. So, the overall similarity of T1 and T2 is decided by 

the two identical root node labels “A”. In this case, the value of N is just the final similarity 

value that varies between 0.1 and 0.5. However, in trees T3 and T4, sub-trees of root node 

“A” have one identical branch and one different branch. When N changes between 0.1 and 
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Figure 5.17. Simple cases for discussing N. 
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0.5 with step 0.1, corresponding similarity values are 0.55, 0.6, 0.65, 0.7 and 0.75. 

Similarly, for T5 and T6, we get similarity values 0.70, 0.73, 0.77, 0.80and 0.83 for N from 

0.1 to 0.5. It can be found that the overall similarity values are impacted by both the value 

of N and the sub-tree similarity values. 

 

 

 

 

 

 

 

Figure 5.18 shows two relatively complex trees T1 and T2. We assume that the arc weights 

are averaged at any given level of a sub-tree. Applying our algorithm, we get similarity 

values 0.7654, 0.8116, 0.8533, 0.8905, and 0.9227 for N changing from 0.1 to 0.5.   

We allow users to select different N to get lower or higher similarity values. However, 

relatively too big N might result in unreasonable similarity values. In this thesis, N is 

always 0.1 for experiments if not specified.   

The other important functional parameter is DI which is the depth degradation index for 

computing the simplicity of a tree. Throughout this thesis, the value of DI is initialized as 

1.0. When a tree’s depth is greater than 1, the value of DI will be changed as we go deeper 

and deeper in the tree. On each level of deepening, the depth degradation index DI is 

multiplied with a global depth degradation factor treeplideg £ 0.5 (= 0.5 will always be 

assumed here), and the result will be the new value of DI in the recursion. So, unlike N, 

DI might be changing when computing the simplicity of a tree.   

Figure 5.18.  Complex case for discussing N. 
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As described in Section 4.2, the simplicity of a leaf node is the current value of DI. 

Therefore, the simplicity of a tree that is a single node is the initialized value of DI (1.0). 

The interval of simplicity value (0.0, 1.0] implies that the simplest tree should have 

simplicity 1.0 and an extremely complex tree should have simplicity 0.0. But, what is the 

simplest tree? We conclude that simplest tree should have a single node. In our algorithm, 

when computing tree simplicity, there is at least one node in a tree. So, we initialize our 

depth degradation index as 1.0. Another question is that what kind of tree could be viewed 

as extremely complex tree. An extremely complex tree is a tree that has infinite breadth 

and/or depth. Its simplicity can only approach to 0.0 but not be exactly 0.0.  

5.7.2 Adjustment Function ─ A 

The adjustment function, A, is responsible for compensating the similarity decreasing 

during the bottom-up similarity computation. So, for intermediate similarity value si, we 

need to apply some adjustment function A that satisfies A(si) ³ si with si falling into [0,1]. 

Because A(si) is the newly adjusted value of si to continue the similarity computation, 

A(si) must also stay between 0 and 1. 

Function A(si) =  is a good function for increasing a number in [0,1]. However, when 

n is equal to or greater than 4, A(si) increases too fast and we will get very high similarity 

values. Therefore, we confine the value of n to be smaller than 4. We provide five 

adjustment functions for obtaining relatively high or low similarity values. The curves of 

them (generated by Matlab) are shown in Figure 5.19. Curves 1 to 5 correspond to 

functions A(si) = si, , ,  and , respectively. The horizontal and 

vertical axis si and A(si) correspond to the original si and adjusted si. All functions are 

monotonically increasing. All curves intersect at coordinates (0, 0) and (1, 1). Identity 

n
is

is2
sin p is )1(log2 +is 3

is
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function represented as curve 1 is a function that illustrates the situation of A(si) = si. 

However, curves 2, 3, 4 and 5 show cases of A(si) > si. From Figure 5.19, we see that for 

any given si within interval (0, 1), > > > si  and > si.  Curve 2 

also intersects with curves 3, 4 and 5 besides the two common intersections. The three 

intersections are shown as black dots. 

                        

 

No matter which adjustment function we choose, the order of similarity values for a given 

set of trees does not change. The only change is the absolute similarity values are higher 

or lower. Therefore, we do not suggest which function should be selected. For the 

experiments in this thesis, we always use the identity function. In our implementation, we 

allow users to select functions they would like to use.  

5.7.3 Why “arithmetic mean” on weights? 

As mentioned in Section 5.3, for every pair of identical arc labels, we average their arc 

weights during the similarity computation. We have briefly explained arithmetic mean is 

more reasonable than geometric mean in Example 2 in subsection 5.1. We explain the 

advantages of arithmetic mean in more details in this subsection.  

3
is )1(log2 +is is is2

sin p

Figure 5.19. Curves of adjustment functions. 
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Assuming that we have a set of positive real numbers a1, a2, … an, n is the number of 

elements. The arithmetic mean of the given numbers is defined as:  

                                                (a1 + a2 +… + an)/n                                                         5.10       

The geometric mean is given by: 

                                               (a1 × a2 ×… × an)1/n                                                                                       5.11 

Formulas 5.10 and 5.11 always satisfy the following inequality: 

                                  (a1 + a2 +… + an)/n ≥ (a1 × a2 ×… × an)1/n                                                      5.12 

For our trees, we use AM(l) and GM(l) to represent the arithmetic mean and geometric 

mean for a pair of arc weights, w and w', with the same arc label, l. 

                                                    AM(l) = (w + w' )/2                                                    5.13 

                                                    GM(l) = (w × w' )1/2                                                             5.14                                                                                                             

Using geometric mean will lead to a new similarity measure:  

                                        GS (T1, T2) = å (A(si) (wi × w'i )1/2)                                        5.15 

GS (T1, T2) is the similarity value of trees T1 and T2 using geometric mean. According to 

the inequality in formula 5.12, using arithmetic mean will result in higher or equal 

similarity values compared to geometric mean. We mentioned that we can use some 

adjustment functions to prevent great similarity degradation for nested trees. Therefore, 

from a mathematical point of view, we should select arithmetic mean for the same purpose 

of applying adjustment functions. However, it seems that geometric mean obtains more 

reasonable results than arithmetic mean for the example in Figure 5.20. 
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We assume user1 and user2 correspond to T 1 and T 2, respectively. Trees in Figure 5.20 

are the same as those in Figure 5.1. User1 puts all the weight on “Year” attribute so that 

he really does not care that much about the fact that it is a Ford but he definitely wants a 

2002 car. A car is not a 2002 is of no interest to him. However, user2 put all the weight on 

the fact that it must be a Ford. Intuitively, what user1 has is not to user2’s interest. Based 

on this pair of trees, we get: AM (Make) = (0.0 + 1.0)/2 = 0.5, AM (Year) = (1.0 + 0.0)/2 

= 0.5, GM (Make) = (0.0 × 1.0)1/2 = 0.0, and GM (Year) = (1.0 × 0.0)1/2 = 0.0.  

Then, we get: S (T1, T2) = 0.5, GS (T1, T2) = 0.0. It seems that we get a “correct” result from 

geometric mean because totally different interests should result in similarity 0.0. However, 

although user1 puts no emphasis on the “Make” of the automobile, “Ford” is specified. 

We have explained in Section 3.5 that zero weight represents a very low interest on an 

attribute, but still specifies a preference on that attribute. It is reasonable that the similarity 

of T1 and T2 is greater than 0.0. Therefore, geometric mean does not result in reasonable 

results taking into account characterises of our trees. 
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1.0 
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1.0 
Make 

1998 Ford 
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0.0 

Figure 5.20.  Trees with opposite extreme weights. 
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We replace the extreme arc weights in Figure 5.20 by opposite weights and get Figure 

5.21. We get GS (T1, T2) = 0.3 and S (T1, T2) = 0.5. Structurally, half of two trees, i.e. sub-

tree of “Ford”, are matching. Furthermore, matching sub-trees take half of the overall 

weights. Therefore, arithmetic mean obtains more reasonable similarity value 0.5. 

 

 

 

 

 

T1 and T2 in Figure 5.22 have totally identical sub-trees which mean that user1 and user2 

have the same interests. Although these two trees have opposite arc weights, user1 and 

user2 have complementary but compatible interests. Their similarity should be 1.0. 

However, we only get GS (T1, T2) = 0.6 that is too low. Using arithmetic mean, S (T1, T2) 

= 1.0.  
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0.1 
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2002 Mustang 

Year 
0.9 

Auto 

0.05 
Make 

2002 Ford 

Year 
0.05 

Figure 5.23.  Missing sub-tree with very low weight. 
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Figure 5.21.  Trees with opposite weights. 
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Figure 5.22.  Identical trees with opposite weights but identical sub-trees. 
T1 T	2 
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The differences of trees T1 and T2 in Figure 5.23 is that the branch “Make” in T2 is missing 

in T1. The rest parts of them are quite similar to the trees in Figure 5.22. Therefore, their 

similar parts should lead to a quite high similarity value. The missing branch “Make” only 

contributes 0.05 which will not affect the final similarity greatly. Furthermore, “Ford” is 

only a leaf node which will result in a quite high tree simplicity value. So, the missing 

branch “Make” is very trivial for the similarity of T1 and T2. According to our analysis 

above, the similarity of T1 and T2 should be very close to 1.0. Our experiment on arithmetic 

mean agrees with our analysis since we get: S (T1, T2) = 0.9875. However, we only obtain 

GS (T1, T2) = 0.5246 using geometric mean.  

From examples above, the main problem of geometric mean for our similarity 

computation is that a very low weight can only lead to very low similarity value even 

though the counterpart has a very high weight and identical sub-tree. Therefore, geometric 

mean “loses” some similarity for identical sub-trees with low weights and we choose 

arithmetic mean for our similarity computation. 

5.7.4 Complexity 

As described in Section 3.2, for a specific application, all instance trees generated for 

buyers and sellers conform to the same standard tree schema. We assume that we have a 

tree schema shown in Figure 5.24 for some application. 

 

 

 

                                          

                  
Figure 5.24.  A tree schema for some application. 
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We analyse the time complexity based on the comparison of node labels and arc labels. 

When we traverse our trees, there are two cases that nodes are accessed. The first one is 

that two nodes are under two identical arc labels. The second is that the nodes are accessed 

when computing the simplicity of a sub-tree. Therefore, every node will only be accessed 

once during the traversal. However, it seems that every arc might be accessed more than 

once due to the alphabetical order of arc labels at the same level of a (sub-)tree. We use 

the branches on the first level in Figure 5.24 as an example. In Figure 5.25, we show 

several pairs of sub-trees at depth one of the tree in Figure 5.24.  

 

 

 

 

 

 

 

 

 

 

 

In Figure 5.25 (a), trees T1 and T2 are identical and they are the complete sub-tree at depth 

one in Figure 5.24. Because every pair of arc labels is identical, every arc is accessed once. 

So, there are totally 10 accesses that are equal to the total number of arcs in these trees. In 

Figure 5.25 (b), T1 is a sub-tree of T2. Because branches in T1 are identical to the three left 

most branches in T2, every one of these 6 arcs is accessed once. The rest arcs in T2 have 

Figure 5.25.  Instance sub-trees generated from Figure 5.24. 
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no corresponding arcs and all arcs in T1 will not take part in the comparison anymore, so 

we will call tree simplicity to compute the simplicity of those missing sub-trees. Tree 

simplicity algorithm only accesses every arc and node once during the traversal. Thus, the 

total arc access times for trees in (b) are 8. For each tree in Figure 5.25 (c), we represent 

missing branches in the other tree as dashed arcs and non-boldfaced node labels. Thus, we 

pretend that there are arc labels. Every real arc label and a false identical arc label in the 

other tree result in at most one comparison. So, the total number of comparisons cannot 

exceed the number of identical arc labels. When there is a (sub-)tree rooting at a “Don’t 

Care” node, we do not need to traverse the (sub-)tree. Therefore, the total comparisons are 

bounded by the number of nodes and arcs of the tree schema.  

If we assume that the tree schema has n nodes which indicates there are n-1 arcs, we can 

conclude that the total access times of arcs and nodes for a pair of trees are equal to or less 

than 2 (n + n - 1). Therefore, the complexity of the tree similarity algorithm is O (n). 

5.8 Summary 

We have proposed tree similarity properties and tree similarity algorithm in this chapter. 

The overall tree similarity is an integration of global similarity and local similarity values. 

Basically, the tree similarity measure traverses two trees top down taking into account 

matching arc labels which lead to matching sub-trees, missing arc labels which lead to 

missing sub-trees, aggregation of arc weights (i.e. arithmetic mean). When leaf nodes are 

reached, local similarity measures are employed by different similarity measures designed 

and developed based on leaf node types, for example, currency, date, and so on. After the 

local similarity values of every pair of leaf nodes are obtained, our algorithm does a bottom 

up similarity calculation to obtain the overall tree similarity value. 
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We allow flexible value assignments to various parameters to make the similarity measure 

more flexible, general, and intuitive. Since our trees in one domain conform to a unique 

tree schema, arc labels are lexicographic ordered, and the depth first traversal of our tree 

similarity algorithm only visits each node once, our tree similarity algorithm has a linear 

time complexity O (n).  
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Chapter 6 Computational Experiments 

In this chapter, we conduct computational experiments on illustrative trees as well as 

arbitrary trees and analyze their similarity values. We also explain how characteristics of 

our trees affect the similarity values. We compare our tree similarity algorithm with the 

classical tree edit distance (Lu S. , 1979) and the most similar algorithm (Wu, Lu, & Zhang, 

2011) .                                      

6.1 Simple Trees 

In Figure 6.1, there are 5 binary trees with depth 1. Although they are simple, they cover 

all possible cases of our (sub-)tree match: matching, mismatching, and missing. We 

analyze if their similarity values conform to what we expect based on their characteristics.  

T1 and T2 have an identical sub-tree “A” led by identical arc label “a”. So, the identical 

sub-tree makes a 1.0 contribution to the overall similarity. However, the second pair of 

sub-trees “B” and “X” are different although they are led by the same arc label “b”. 

Therefore, this pair of sub-trees contributes 0.0 to the overall similarity. In T1 and T3, their 

identical sub-trees are the same as the ones in T1 and T2. But the branches “b” in T1 and 

“c” in T3 are missing in the other tree, respectively. So, it is hard to decide the similarity 

relationship of S (T1, T2) and S (T1, T3) since weights play an important role in this case. 

In T1 and T4, they do not have identical sub-trees, but different sub-trees “A” and “Y”, and 

missing branches “b” and “c”. So, the similarity S (T1, T4) should be smaller than S (T1, 

T3). T5 is totally different compared to T1, T2, T3, and T4, except for the head node, i.e. all 

branches in T1, T2, T3, and T4 are missing in T5 and the two branches in T5 are missing in 

T1, T2, T3, and T4. Observing the structures of T2 and T3, and T1 and T3, we expect S (T1, 

T3) = S (T2, T3) according to our algorithm. Similarly, we also expect that S (T1, T4) = S 
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(T2, T4). When ξ is very small, we expect S (T3, T4) > S (T1, T3) > S (Tx, T5) > S (T1, T4) > 

S (T1, T2) where Tx represents one of the trees T1, T2, T3 or T4. 

 

 

 

 

In our original tree similarity algorithm, we always have a node equality bonus, N, when 

two nodes have identical node labels. The contribution from the sub-trees of a pair of 

identical nodes have a factor of 1-N. For the ease of explanation, we keep N as 0 in this 

experiment instead of 0.1 as explained in Chapter 5. This will only make the similarity 

values a little different, but not affect the order of similarity values for a set of given trees. 

After applying our algorithm to trees in Figure 6.1, we list the similarity values as follows: 

S (T1, T2) =	ξ 

S (T1, T3) = S (T2, T3) = 0.45 + 0.55ξ 

S (T1, T4) = S (T2, T4) = 0.45 - 0.45ξ 

S (Tx, T5) = 0.45 

S (T3, T4) = 1-ξ 

When ξ is very small, say 0.01, S (T3, T4) > S (T1, T3) > S (Tx, T5) > S (T1, T4) > S (T1, 

T2). The results are as we expected. When ξ increases, plots showing the changes of tree 

similarity values are shown in section 6.2. To make the examples a little more complex, 

we consider simple ternary trees in Figure 6.2. 

 

 

Figure 6.1. Binary trees with depth = 1. 
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Trees T1 and T2 have two pairs of identical sub-trees “A” led by identical arc label “a” and 

“E” led by identical arc label “e”. Branch “b” in T1 and branch “d” in T2 are missing in the 

other tree, respectively. So, we assume S (T1, T2) is a value that is not very low. Trees T1 

and T3 have an identical sub-tree “A” led by “a”. However, each has two branches missing 

in the other tree. So, we expect S (T1, T2) > S (T1, T3). All branches in tree T4 are missing 

in all other trees, and vice versa. Therefore, we expect S (T1, T4) = S (T2, T4) =  

S (T3, T4). Similar to Trees T1 and T2, trees T2 and T3 also have two pairs of identical sub-

trees and each tree has once branch missing in the other tree. So, the order of  

S (T1, T2) and S (T2, T3) is all dependent on the weights. 

It is also interesting to analyze the relationship of S (T2, T3) and S (T1, T3). In T2 and T3, 

there are two pairs of identical arc labels, “a” and “d”. If ξ1 and ξ2 are very small, the main 

contribution of similarity will be from the two missing branches “e” and “f”, respectively.  

In trees T1 and T3, there is one pair of identical arc labels, “a”. If ξ1 is small, the similarity 

will be mainly from missing branches “b” and “e” in T1 and “d” and “f” in T3.  

Assume ξ1= ξ2= ξ which indicates 0<= ξ <=0.5, and N = 0, after applying our tree 

similarity algorithm we obtain: 

S (T1, T2) = 0.5 + 0.45 ξ 

S (T2, T3) = 0.45 + 1.1 ξ 
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Figure 6.2. Ternary trees with depth=1. 
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S (T1, T3) = 0.45 + 0.55 ξ 

S (Tx, T4) = 0.45                Tx is one of the trees in T1, T2, and T3  

When ξ is very small, say 0.01, S (T1, T2) > S (T2, T3) > S (T1, T3) > S (Tx, T4) which is 

reasonable as we expected. 

6.2 Arbitrary Trees 

In this section, we generalize our analysis of our tree similarity algorithm by giving an 

example tree schema and two example trees derived from the tree schema.      

                                      
             
 
 
 
 
 
 
For the ease of explanation, the tree schema in Figure 6.3 only contains a root node and 

leaf nodes. The syntactic matching, which results in either 0.0 or 1.0 (i.e. totally identical) 

similarity of two leaf nodes can be viewed as the extreme case of matching of two sub-

trees which leads to a value between 0.0 and 1.0 inclusive. We can extend a leaf node to 

an arbitrary sub-tree for further analysis. Two example instance trees are generated as 

given in Figure 6.4. 
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Figure 6.3. A tree schema. 
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In Figure 6.4, trees T1 and T2 have two pairs of identical sub-trees led by branches “a” and 

“b” and two pairs of sub-trees with mismatching node labels “C” versus “M”, and “D” 

versus “N”. Each tree has two missing branches in the other tree. They are “e” and “f” in 

T1 and “g” and “h” in T2, respectively. First, we calculate their similarity. We still assume 

N = 0. 

S (T1, T2) = &
(
	(w1,1 + w2,1) ×1.0 +	&

(
	(w1,2 + w2,2) × 1.0 +	&

(
	× w1,5 × 0.45 +	&

(
	× w1,6 × 0.45 +  

&
(
	× w2,7 × 0.45 +	&

(
	× w2,8 × 0.45 

               = &
(
	(w1,1 + w2,1 + w1,2 + w2,2) +	&(	× 0.45 × (w1,5 + w1,6 + w2,7 + w2,8) 

               = 0.5 × (w1,1 + w1,2+ w2,1 + w2,2) + 0.225 × (w1,5 + w1,6 + w2,7 + w2,8) 

               = 0.5 × w1Matching + 0.5 × w2Matching + 0.225 × w1Missing + 0.225 × w2Missing       6.1 

where: 

w1,1, w1,2, w1,5 and w1,6: weights of arc labels “a”, “b”, “e”, and “f” in T1, respectively  

w2,1, w2,2, w2,7 and w2,8: weights of arc labels “a”, “b”, “g”, and “h” in T2, respectively  

Figure 6.4. Two example instance trees generated from the tree schema in Figure 6.3. 
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w1Matching: Sum of weights, w1,1 + w1,2, of matching nodes in T1 

w2Matching: Sum of weights, w2,1 + w2,2, of matching nodes in T2 

w1Missing: Sum of weights, w1,5 + w1,6, of missing sub-trees in T1 

w2Missing: Sum of weights, w2,7 + w2,8, of missing sub-trees in T2 

with condition   w1Matching + w1Missing ≤ 1.0   and   w2Matching + w2Missing ≤ 1.0 

We plot the similarity (using Matlab) with arbitrary values of w1Matching, w1Missing, w2Matching, 

and w2Missing. We select some representative values for w1Matching and w1Missing and allow 

w2Matching and w2Missing to change between 0.0 and 1.0 with step 0.01. Equation 6.1 is a 

linear function; therefore, the plots are planes. 

In plots (a) to (e) of Figure 6.5, we keep w1Matching as 0.0 which means identical sub-trees 

in tree T1 makes zero contribution to the overall similarity. The weight of missing sub-

trees in tree T1 increases from 0.1 to 1.0. Since sibling arc weights add up to 1.0, the 

increase of w1Matching+w1Missing implies the decrease of the weights of sub-trees that do not 

match. This also implies the overall trend of similarity values will be increasing from (a) 

to (e). 

(a) w1Matching=0.0, w1Missing=0.0                       (b) w1Matching=0.0, w1Missing=0.25 
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(c) w1Matching=0.0, w1Missing=0.5                        (d) w1Matching=0.0, w1Missing=0.75 
 

        
 
(e) w1Matching=0.0, w1Missing=1.0                       (f) w1Matching=0.25, w1Missing=0.75 

        
 
 (g) w1Matching=0.5, w1Missing=0.5                         (h) w1Matching=0.75, w1Missing=0.25 
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(i) w1Matching=1.0, w1Missing=0.0 
   

 
 
                  Figure 6.5 Plots of similarity values with arbitrary weights for arbitrary trees. 
 
Plots (f) to (i) show the effect of increasing weight of w1Matching in tree T1. Expected overall 

similarity values should be increasing and also greater than those in (a) to (e). Plots show 

such a trend as expected. 

The two example trees in Figure 6.4 can be easily generalized to obtain a pair of arbitrary 

trees that cover all cases occurring in our tree matching. 

 

 

 
 
 
 
 
 
Sub-trees in Figure 6.4 are all leaf nodes. Using syntactic matching, their similarity is 

either 0 or 1. However, our local similarity measures would generate similarity values 

between 0.0 and 1.0 for leaf nodes. In real e-Business applications, these leaf nodes could 

be extended to arbitrary sub-trees. No matter if they are leaf nodes or arbitrary sub-trees, 

their similarity values are always between 0.0 and 1.0. Therefore, our analysis of the 

examples in Figure 6.4 applies to arbitrary instance trees in Figure 6.6.  
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Figure 6.6. A pair of arbitrary instance trees. 
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6.3 Impact of Weights on Tree Similarity  

We test trees with specified structures and weights to analyze if the order and partial order 

of similarity values of the trees and our proposed tree similarity measure properties are as 

expected. 

As we have said, when we assign same weights, i.e. averaged weights, to siblings, it 

indicates there are no relative weights.  We analyze simple trees with same sibling weights 

first. 

In Figure 6.7, we use tree T21 which is a full binary tree as the reference tree and present 

the similarity values of the reference tree and sub-trees of the reference tree. We list trees 

in descending order of their similarity values with the reference tree. The labelling of trees 

is generated by our tree generation program. Similarity values between trees and the 

reference tree are presented in different colors in parenthesis. The same similarity values 

are assigned the identical color. Trees with the same similarity value form a group, e.g. 

T20, T19, T18, and T15 are in the same row. We view trees with different colors of similarity 

values different groups. We see that trees T20, T19, T18, and T15 with the similarity value 

(=0.9443) in red have the biggest similarity with the reference tree compared to other 

groups. This is reasonable because all of them have one missing branch at the same level 

although they are at different positions. The missing branch contributes the same 

simplicity and similarity to the overall similarity with the reference tree. Similarly, we can 

see that trees T17, T16, T14, and T13 with similarity values in green have the second biggest 

similarity (=0.8886) with the reference tree. Each of these trees has two missing branches 

at the same level. This is also reasonable. Because our reference tree is a full binary tree, 

for this special case, it consists of two sub-trees from the root: a sub-tree led by arc label 

‘la’ and a sub-tree led by arc label ‘lb’, respectively. Structurally, trees T6 and T3 perfectly 
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match the sub-tree led by arc label ‘lb’ and sub-tree led by arc label ‘la’ with the reference 

tree, respectively. So, the similarity of them with the reference tree should be 0.5 if we 

only analyze their structures. However, in T6 and T3, the matching branches at level 1 have 

a very high weight, 1.0. So, the matching sub-tree should have a much higher similarity 

than 0.5 to the overall similarity. Considering the contribution from the missing branch, 

the overall similarity is as high as 0.8003. This indicates that a very high arc weight may 

lead to a pretty high similarity value with the reference tree although it is not expected a 

that high similarity value with the reference tree only considering the structures of the tree. 

We do not provide detailed calculations of the similarity values in this section because we 

have shown how to calculate them step by step in previous sections. Furthermore, doing 

similar analysis, the similarities of T5, T4, T2, and T1 with the reference tree are also 

reasonable. 

However, it looks not right that tree group T12, T9, and even group T11, T10, T8, and T7 have 

lower similarity values than group T5, T4, T2, and T1 because T12, T9, T11, T10, T8, and T7 

have three matching branches with the reference tree but T5, T4, T2, and T1 have two 

matching branches. This oddity is caused by the high weights,1.0, in T5, T4, T2, and T1. 

Our tree similarity algorithm not only takes into account tree structures but also weights. 

Since weights of sibling arcs add up to one, an arc has 1.0 weight if it does not have 

siblings. The very high weight 1.0 makes a very big contribution to the overall tree 

similarity.  

We now analyze the impact of 1.0 weights by changing all the 1.0 weights in Figure 6.7 

to 0.5 as shown in Figure 6.8. Before we analyze the tree similarity values in Figure 6.8, 

by visual inspection, we can list trees in descending order of the number of matching node 

labels and arc labels without considering weights. Thus, we obtain the following order: 
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T20, T19, T18, and T15 (5 matching arcs and 6 matching nodes), T17, T16, T14, T13, T12, and T9 

(4 matching arcs and 5 matching nodes), T6, T3 T11, T10, T8, and T7 (4 matching arcs and 3 

matching nodes), and T5, T4, T2, and T1(3 matching arcs and 2 matching nodes). 
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Figure 6.7 A full binary tree T21 and its similarity values with sub-trees with the same sibling weights of 
the reference tree. 
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Figure 6.8 A full binary tree T21 and its similarity values with its sub-trees with fixed weights 0.5 assigned 
to original sub-tree with 1.0 weight. 
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care of the exception, in Figure 6.7, when some branches are missing, the sum of the 

weights of sibling arcs may be lower than one. This could also be a future work to discuss 

even more flexible weight assignment. 

6.4 Comparisons with Other Tree Similarity/Distance Algorithms 

In this subsection, we compare our tree similarity algorithm with other tree 

similarity/distance algorithms, the classic tree edit distance (Lu S. , 1979), and recent as 

well as similar research work on similarity algorithms on hierarchical cases (Wu, Lu, & 

Zhang, 2011).  

6.4.1 Comparison with Tree Edit Distance 

Tree edit distance (Lu S. , 1979) is a classic tree similarity/distance measure to calculate 

the similarity/distance of two trees. There are a lot of variations of tree edit distance 

algorithms taking into account different types of trees, for example, ordered trees (Wang, 

Shapiro, Shasha, & Zhang, 1998), or unordered trees (Shasha, Wang, & Zhang, 1994). 

Operations including insertion, deletion and node label substitution (Lu S. , 1979) with costs 

were defined to transform one tree to another to compute their distance complementary to 

their similarity. For local tree matching (Liu & Geiger, 1999), operations such as merge, cut, 

and merge-and-cut, including costs, were also defined to find the best approximate match and 

matching cost. The Hamming Distance (Hamming, 1986) (Togneri & deSilva, 2002) 

calculates different symbols in two strings with equal length.  

Three common operations for calculating tree edit distance are insertion, deletion, and 

substitution to transform one tree to another. The sum of the cost of operations is the 

distance of two trees.  
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In order to convert tree edit distance values to similarity values, we need to find 

appropriate functions. For example, 1/D, MD/(1+D), and exp (–D) have been used to get 

a similarity value from a distance value where D is the distance value and M is an arbitrary 

positive constant (Spath, 1980). D is zero when two trees are identical, but 1/D leads to an 

infinite similarity value and MD/(1+D) results in zero similarity value for a zero distance 

value. Since our similarity values are in the range [0.0, 1.0], function exp (–D) is an 

appropriate one for the comparison. 

Similar to many tree edit distance measures proposed (Lu S. , 1979) (Zhang K. , 1996) 

(Shasha, Wang, & Zhang, 1994), we assign cost 1 to each operation. The value of D is in 

[0, +∞). The similarity values obtained by applying exp (–D) are shown in Table 6.1. 

                         Table 6.1. Similarity values calculated from transformation function exp (-D). 

D 0 1 2 3 4 5 6 7 8 9 10 
Sim = exp (-D) 1.0 0.3679 0.1353 0.0498 0.0183 0.0067 0.0025 0.0009 0.0003 0.0001 0.00004 

 

From Table 6.1, we find that similarity values decrease quickly using function exp (–D). 

Consider example trees shown in Figure 6.9 to help us understand distance and similarity 

values. 

 

 

 

 

 

 

In Figure 6.9, we have two car trees T1 and T2. We will transform T1 to T2 by insertion, 

deletion, and substitution. We show the operations to transform T1 to T2 in Figure 6.10. 
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We see there are totally 7 operations. We have explained in section 5.1 that two trees only 

differing in arc weights have similarity value 1.0. Since our goal is to transform T1 until it 

is the same as T2, we do not need to do any operations on arc weights to get a similarity 

value 1.0. 

 

 

 

 

 

 

 

In Figure 6.10, we show the 7 operations on those arcs and nodes in T1 that are substituted, 

inserted, and deleted to obtain T2. Looking into the similarity-distance mapping in Table 

6.1, we see the similarity value is 0.0009 for 7 operations. From the two trees in Figure 

6.9, we can find they have identical branch, i.e. “Category”, and both have one missing 

sub-tree in the other tree. Therefore, their similarity should not be as low as 0.0009 which 

is almost 0. Our similarity algorithm returns 0.3832 which is much more intuitive.  

We assume trees in Figure 6.10 are from the same tree schema. If the trees do not have the 

same tree schema, then it can take many operations to transform a tree from one schema 

to a tree from another schema. For example, a tree for car to a tree for laptop. Not only arc 

labels and node labels may not match, the tree structures can also be very different. 

Furthermore, tree edit distance operations are not comparable to our tree similarity 

measure considering the semantics our arc labels and node labels carry. In Figure 6.10, 

operations (2) and (3) are insertions of arc label “Size” and node label “small”, 
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respectively. It costs 2 to make this branch the same as the counterpart branch in tree T2. 

However, these two insertions do not consider the nature of our trees and semantics of 

missing sub-trees. A simple insertion cannot transform our “sub-tree” to “empty tree” 

matching. We think an “empty tree” represents a user (e.g. a buyer or a seller) is open to 

a specific product/service attribute. Its similarity with a sub-tree is obtained from the sub-

tree’s simplicity. So, the cost for (2) and (3) from tree edit distance operations cannot be 

compared to our tree simplicity and similarity measures. The same analysis can be applied 

to substitution and deletion operations. Therefore, we do not conduct computational 

experiments to tree edit distance in this thesis. 

6.4.2 Comparisons with Similarity Measure for Hierarchical Cases  

Although there are many algorithms, architectures, and systems for tree matching in 

literature, there are very few (Wu, Lu, & Zhang, 2011) (Kebriaei & Majd, 2008) designed 

for arc-labeled, arc-weighted and node-labeled trees. This is one important reason that we 

cannot find close enough algorithms to compare with. In this subsection, we compare our 

proposed tree similarity algorithm to the closest tree representation and similarity measure 

(Wu, Lu, & Zhang, 2011) in literature. We refer to the trees and algorithms in (Wu, Lu, & 

Zhang, 2011) as Wu’s trees and algorithm. 

First, we compare tree representations. Both ours and Wu’s trees are node labeled and arc 

weighted. In addition, our trees are also arc labeled. 
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Figure 6.11 is the original tree in (Wu, Lu, & Zhang, 2011) to illustrate a bird flu case. 

Arc weights have been given by researchers/experts in domain “bird flu”. Furthermore, 

the “bird flu case” tree also has real number values for leaf nodes. The real number value 

for a leaf node represents the percent that kind of bird got infected by flu. For example, 

“0.3” for “Long distance migratory” means 30% of long distance migratory birds are 

infected by bird flu. Note that for the tree in Figure 6.11 the relationship between parents 

and children is not ‘part-of’, but a ‘subsume’ from parents to children.  

In order to compare Wu’s trees and algorithm to ours, we change the tree in Figure 6.11 

by adding arc labels “subsume” for each pair of parent-child except leaf nodes. Since the 

numbers for leaf nodes have special meanings, i.e. the percentage of infected birds, we 

make each arc leading to a leaf node have an arc label “Fraction Infection” and the actual 

number of the percentage is the label of a leaf node. The tree in Figure 6.12 is an adapted 

tree that works with our algorithm. 

Wu’s tree representation assumes that node labels at the same level in trees are at the same 

abstraction level and two separate sub-trees in one tree should be mapped to two separate 

sub-trees in another tree. However, our instance trees are derived from a schema tree for 

a given application which indicates nodes on some level can only match nodes on the same 
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level in another tree. Our tree schema also restricts that a sub-tree can only match its 

counterpart in another tree. Therefore, Wu’s assumption makes their similarity measure 

very comparable to ours. 

Wu divides the overall similarity of two trees into conceptual similarity and value 

similarity; then these two similarity values are integrated to obtain the overall similarity. 

Our leaf node labels could be arbitrary values, i.e. string, dates, intervals, and real 

numbers. While after we adapt Wu’s tree to satisfy our tree similarity algorithm, the leaf 

nodes only have real number values as labels. Therefore, we only need to compare our 

similarity algorithm to their conceptual similarity measure. Below are the formulas for 

calculating tree similarity by our algorithm (Equation (15)) and Wu’s (Equation (16)). 

S (T1, T2) = N ∙ S(root(T1), root(T2)) + (1 - N) ∙ å (A(si) (wi + w'i)/2)                              (15) 

cord (v, u) = α ∙ sc(v.a, u.a) + (1 – α) ∑ &
(
(𝑤&1 + 𝑤(@)(yz,{|)∈~�~�,�  ∙ cord (vi, uj)     (16) 

In equation (16), cord (v, u) is the Concept Correspondence Degree between two internal 

nodes v and u. sc(v.a, u.a) is the conceptual similarity of two attributes. 

v.a and u.a represent attributes of v and u. vi and uj are elements of v and u’s children sets, 

respectively. w1i is the weight of vi in T1 and w2j is the weight of uj in T2. The maximum 

weighted bipartite matching MWMv,u identifies the most correspondence node pairs 

amongst v and u’s children. These two equations are similar in a few aspects. Both of them 

use a parameter, N and α, respectively, to assign a weight to the root node similarity of 

every pair of trees/sub-trees. (1 - N) and (1 – α) are the weights for the similarity of sub-

trees. In each algorithm, weights from a pair of arcs are averaged and multiplied with the 

similarity of sub-trees. Both equations are recursive.  
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However, there are two main differences between our algorithm and Wu’s. Our restriction 

of lexicographically ordered arc labels makes each branch match a specific arc label in 

another tree. So, there are only two cases for finding a matching arc: it either exists or 

misses. For an arc that does not have a matching arc in another tree, we use our tree 

simplicity algorithm to calculate the similarity of a sub-tree and empty sub-tree. However, 

Wu ignores the sub-tree if it does not have a matching sub-tree in another tree. The way 

Wu finds a matching sub-tree in another tree is to create the maximum correspondence 

tree mapping according to the attribute conceptual similarity values provided by domain 

experts or linguistic analysis methods. In the maximum correspondence tree mapping, a 

sub-tree in one tree may or may not have a matching sub-tree in another tree. If a matching 

sub-tree is found, equation (16) is employed for similarity calculation. Otherwise, the sub-

tree is ignored for similarity calculation.  

Another difference is that Wu’s algorithm assumes that attribute conceptual similarity 

already exists before the similarity calculation. Thus, the similarity values between node 

labels are a number in (0.0, 1.0). Our algorithm uses syntactic matching for node labels 

which results in either 0.0 or 1.0. We can make use their provided attribute conceptual 

similarity values to compare the two algorithms. For the purpose of comparing two 

algorithms but using the same test trees, we first adapt Wu’s example trees (Fig 6 in (Wu, 

Lu, & Zhang, 2011)) to ours by employing their maximum correspondence tree mapping 

sub-algorithm.  
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Figure 6.13 shows the original trees for testing their tree similarity algorithm. Tree Ta is 

the reference tree. We calculate the similarity of Ta and trees from T1 to T5. Since our trees 

do not have the real values for leaf nodes, we simply remove those values from the original 

trees and keep the leaf node labels. After deleting leaf node values, T1 and T2 are the same. 

We apply the sub-algorithm for creating the maximum correspondence tree mapping 

provided by Wu and show the mappings in Figure 6.14. 
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In Figure 6.14, dashed lines represent mapping nodes (sub-trees). Note that node labels 

“c”, “C”, and “C'” do not have any mappings among them although their node labels look 

similar. No mappings indicate they are irrelevant in the domain of this example. Now that 

we have the mapping sub-trees, we are able to adapt trees in Figure 6.14 to obtain arc-

labeled, arc-weighted, and node-labeled trees.  
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Figure 6.14. Maximum correspondence tree mapping for trees in Figure 6.13.  
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We add arc labels to present the mappings between nodes (sub-trees) in Figure 6.14 and 

thus obtain trees in Figure 6.15 in order to apply our tree similarity algorithm. We try to 

keep node labels the same as ones in original trees. However, we have to change the 

positions of some nodes to represent the sub-tree mappings in Figure 6.14. For example, 

in trees T1, T2, T3, and T4, leaf nodes “G” and “H”, and “G'” and “H'” in Figure 6.14 are 

switched to preserve the mappings in Figure 6.15. From the trees in Figure 6.15, we make 

nodes (sub-trees) without mapping (relevant) nodes (sub-trees) in another tree, e.g. “c”, 

“C”, “C'”, and “J”, to have arc labels that are missing in another tree such that tree 

simplicity algorithm will be applied in our algorithm. 

To compare with the Wu’s algorithm, we assign 0.1, 0.25, 0.5, 0.75, and 0.9 for α and N, 

respectively, to test both algorithms. We also make use of conceptual similarity values 

specified in (Wu, Lu, & Zhang, 2011) for both algorithms. Table 6.2 shows the results by 

Wu’s conceptual similarity values and algorithm for different α values. Since Wu only 

provides similarity values for α = 0.5, the column α = 0.5 is the same as the results in Wu’s 
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Figure 6.15. Arc-labeled, arc-weighted, and node-labeled trees adapted from trees in Figure 6.14. 
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paper. In Table 6.2, we see that the similarity rankings for α = 0.25, 0.5, 0.75 are the same. 

However, the rankings change when α’s values, i.e. α = 0.1 and 0.9, are relatively far from 

0.5. Wu does not provide the rankings for other α values except 0.5. However, Table 6.2 

shows the impact of α to similarity rankings. There is not a standard answer which α value 

is the right one. The selection of α’s value depends on how people think about the 

percentage of the root node similarity vs the sub-tree similarity to the overall tree 

similarity. We always use N = 0.1 (α in Wu’s algorithm) for our test. 

Table 6.2. Tree similarity values with different α using Wu’s conceptual similarity and algorithm. (1), (2), 

(3), and (4) represent the ranking of similarity values in each column. 

Wu’s Conceptual Similarity and Algorithm 
 α = 0.1 α = 0.25 α = 0.5 α = 0.75 α = 0.9 

S (Ta, T1) 0.6917 (1) 0.6974 (1) 0.703 (1) 0.7018 (1) 0.7021 (1) 
S (Ta, T2) 0.6917 (1) 0.6974 (1) 0.703 (1) 0.7018 (1) 0.7021 (1) 
S (Ta, T3) 0.3324 (4) 0.6027 (3) 0.600 (3) 0.5995 (3) 0.5996 (4) 
S (Ta, T4) 0.5217 (2) 0.6480 (2) 0.623 (2) 0.6984 (2) 0.7012 (2) 
S (Ta, T5) 0.4199 (3) 0.4686 (4) 0.548 (4) 0.5503 (4) 0.6703 (3) 

 

We also test using our algorithm with Wu’s provided conceptual similarity values. We 

still use 0.1, 0.25, 0.5, 0.75, and 0.9 for N for the test. The results are shown in Table 6.3. 

As we have mentioned, the big difference between Wu’s algorithm and our algorithm is 

that we calculate simplicity values for sub-trees without mappings in the other tree, while 

Wu neglects them. Adding the contribution of tree simplicity to similarity, we expect that 

similarity values in Table 6.3 should be bigger than those in Table 6.2. The results conform 

to our expectation. The rankings in Table 6.2 and 6.3 are very different. In Table 6.2, trees 

Ta and T1, T2 always have the biggest similarity value except for α = 0.1. Ta has identical 

mappings with T1, T2 and T4. However, mapping sub-trees in Ta and T1, T2 have bigger 

weights than Ta and T4. T3 has smaller conceptual similarity values for mapping sub-trees 

compared to T1, T2 and T4. T5 has the smallest mapping sub-trees in all trees. When we use 
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our algorithm to calculate the similarity, the sub-trees without mappings happened to be a 

single node in trees Ta, T1, T2, T3 and T4. Our algorithm returns simplicity 0.9 for a single 

node which correspondingly makes a big similarity contribution. Trees T1, T2, and T4 have 

identical mappings, but different weights. Nodes “c” and “C” in trees Ta and T1, T2 without 

mappings have weights 0.1 and 0.2, respectively. They are smaller than the weights of 

nodes “c” and “C”, 0.1 and 0.5, in trees Ta and T4. In this example, because of the big 

contribution from the single node simplicity value, the similarity of Ta and T4 becomes the 

biggest in Table 6.3. T1, T2 have bigger conceptual similarity values and identical weights 

thus the similarity of Ta and T1, T2 is bigger than that of Ta and T3. T5 has smaller mapping 

sub-trees and much bigger missing sub-trees that result in small similarity and simplicity 

values and thus make the overall similarity value the smallest. However, we see the big 

contribution from relatively high N values again. When N = 0.75 and 0.9, respectively, 

the similarity of Ta and T5 ranks number 3 instead of number 4 for lower N values. 

Table 6.3. Tree similarity values with different N using Wu’s conceptual similarity and our algorithm. (1), 

(2), (3), and (4) represent the ranking of similarity values in each column. 

Wu’s conceptual Similarity and Our Algorithm 
 N = 0.1 N = 0.25 N = 0.5 N = 0.75 N = 0.9 

S (Ta, T1) 0.8461 (2) 0.8214 (2) 0.7807 (2) 0.7402 (2) 0.7160 (2) 
S (Ta, T2) 0.8461 (2) 0.8214 (2) 0.7807 (2) 0.7402 (2) 0.7160 (2) 
S (Ta, T3) 0.7591 (3) 0.7268 (3) 0.6780 (3) 0.6358 (4) 0.6135 (4) 
S (Ta, T4) 0.8523 (1) 0.8269 (1) 0.7848 (1) 0.7424 (1) 0.7170 (1) 
S (Ta, T5) 0.6147 (4) 0.6264 (4) 0.6481 (4) 0.6727 (3) 0.6887 (3) 

 

In Table 6.4, we apply our syntactic similarity instead of Wu’s conceptual similarity and 

our algorithm for similarity. We make the similarity values for each pair of mapping 

nodes, e.g. “d” and “D”, 1.0. Therefore, mapping sub-trees make bigger contributions than 

missing sub-trees as mapping nodes always returns 1.0 as similarity value while the 
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biggest tree simplicity is 0.9. We expect the similarity values are bigger than those in 

Tables 6.2 and 6.3. The results in Table 6.4 conform to our expectation.  

Since trees T1, T2 and T3 are identical except for node labels, using our syntactic tree 

similarity results in the same similarity value between the reference tree Ta, and T1, T2 and 

T3. T5 has more sub-trees that do not have matching counterparts in the reference tree, so 

it has the lowest ranking in each column.  

Table 6.4. Tree similarity values with different N by our syntactic similarity and algorithm. (1), (2), and (3) 

represent the ranking of similarity values in each column. 

Our Syntactic Similarity and Algorithm 
 N = 0.1 N = 0.25 N = 0.5 N = 0.75 N = 0.9 

S (Ta, T1) 0.9057 (1) 0.9139 (1) 0.9353 (1) 0.9647 (1) 0.9853 (1) 
S (Ta, T2) 0.9057 (1) 0.9139 (1) 0.9353 (1) 0.9647 (1) 0.9853 (1) 
S (Ta, T3) 0.9057 (1) 0.9139 (1) 0.9353 (1) 0.9647 (1) 0.9853 (1) 
S (Ta, T4) 0.7980 (2) 0.8172 (2) 0.8650 (2) 0.9278 (2) 0.9704 (2) 
S (Ta, T5) 0.5682 (3) 0.6420 (3) 0.7478 (3) 0.8679 (3) 0.9458 (3) 

 

Overall, our tree similarity algorithm is more flexible than Wu’s due to the employment 

of our tree simplicity algorithm. Our tree simplicity makes the tree similarity calculation 

of two trees, especially for two products in the same domain, more meaningful and 

reasonable. We can simply make tree simplicity as zero to make it the same as Wu’s 

algorithm. Our tree simplicity values are tunable by parameters to adjust their 

contributions to similarity. 

6.5 Summary  

Our computational experiments on simple trees and arbitrary trees show that similarity 

values obtained from our similarity algorithm conform to the characteristics of our trees 

and the properties of our tree similarity measure. These examples can be extended to trees 

that cover all cases of sub-tree matching: matching, mismatching, and missing. 
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We also compare our algorithm with the classical tree edit distance and the most similar 

tree similarity algorithm in literature. We have shown that the tree edit distance is not 

comparable to our algorithm. The most comparable tree similarity algorithm (Wu, Lu, & 

Zhang, 2011) is less flexible than our algorithm because our algorithm takes into account 

missing sub-trees. We also analyze tree similarity values and rankings that are impacted 

by different values of N (α in Wu’s algorithm). 

Furthermore, Wu’s trees are not appropriate to be used in e-Business environment due to 

the ‘subsume’ relationship between parent and child nodes. Our ‘part-of’ relationship 

makes our trees applicable to arbitrary e-Business domain.  
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Chapter 7 Conclusion 

7.1 Thesis Contributions 

We have proposed a novel tree representation that is node-labeled, arc-labeled, and arc-

weighted to match products/services in e-Business or e-Learning environments. Our trees 

are able to represent ‘part-of’ relationships among product/service attributes. Arc labels 

remove the ambiguities of identical node labels occurring at different places in a tree. For 

the ease of implementing our algorithms, sibling arc labels are lexicographically ordered. 

Arc weights allow users, i.e. buyers and sellers, flexibly describe their preferences on 

product/service attributes and thus obtain more precise matching. Sibling arc weights 

always add up to one. 

For a given community in e-Business or e-Learning environments, a tree schema can 

always be designed to describe all necessary attributes, their relationships and possible 

values. Arc weights do not exist in a tree schema because they are specified by users. As 

long as a tree schema is designed for a community, users in the community can specify 

the attributes, values, and weights to present their requirements or offers of the 

products/services. Users’ specifications are represented as XML instance trees in our 

system. We allow users to omit product/service attributes, specify zero arc weights, and 

“Don’t Care” value for nodes. Another advantage using trees to represent 

products/services is that a higher-level mismatch of two attributes will terminate the 

matching process of their sub-trees thus improves the efficiency. 

When comparing two trees, it is common that one sub-tree is missing in the other tree. 

Since two trees are from the same community, we do not give a zero similarity to the 

existing sub-tree and its counterpart, the missing sub-tree. We calculate the tree simplicity 

of the existing sub-tree and obtain a tree similarity value from it. Thus, a missing sub-tree, 
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which represents a user’s uncertainty about a product/service attribute, still has a similarity 

value with a specified value for the same attribute. Tree simplicity measure has properties 

conform to our intuitions: the wider the tree, the smaller the tree simplicity; the deeper the 

tree, the smaller the tree simplicity. Although the purpose to implement the tree simplicity 

algorithm is for tree similarity calculation in this thesis, the tree simplicity algorithm is 

general enough to be adapted to other applications that trees are used. In tree simplicity 

algorithm, we have depth degradation index and depth degradation factor as parameters, 

which affect the overall tree simplicity values. Both theoretical analysis and experimental 

results prove that our proposed tree simplicity properties hold.  

Proposed tree similarity algorithm traverses a pair of trees top-down and compute 

similarity values bottom-up. Since sibling arc labels are lexicographically ordered, it is 

easy to implement the comparisons of each pair of arc labels and find missing sub-trees. 

When a pair of arc labels is identical, our algorithm recursively compares their sub-trees. 

However, if a sub-tree is missing in the other tree, tree simplicity algorithm is applied to 

achieve its similarity to the empty tree. To compensate the similarity decrease caused by 

multiple multiplications with numbers less than or equal to 1.0, we propose adjustment 

functions, A(si), to make the final similarity value not too small. Also, for each pair of 

equal root node labels of a pair of sub-trees, no matter if the two sub-trees match or not, 

we give two root nodes a ‘bonus’ value, N, e.g. 0.1. Both adjustment functions and ‘bonus’ 

value can be selected for obtaining relatively higher or lower similarity values for different 

flavors. Our proposed tree similarity algorithm (Bhavsar, Boley, & Yang, 2004) is a novel 

algorithm comparing products/services in e-Business. Many researchers have compared 

their tree/graph similarity algorithms/measures with our proposed algorithms (Wu, Zhang, 
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& Jie, 2013) (Lu, Yang, Bhavsar, & Kumar, 2017) (Wu, Lu, & Zhang, 2011) (Morawski, 

Stepan, Dick, & Miller, 2017) (Wang, et al., 2016). 

Although the most similar system/algorithm (Wu, Lu, & Zhang, 2011) divides tree 

similarity computation into two parts, conceptual similarity and value similarity, their 

conceptual similarity is almost the same as ours. The only difference is how to find 

mapping sub-trees in two trees. They use maximum concept mapping to create a mapping 

while we use lexicographical arc labels. However, there is a big difference in our tree 

similarity algorithm: we calculate tree simplicity if a sub-tree cannot find mapping sub-

tree in the other tree. They just neglect the sub-trees without mappings. Compared to (Wu, 

Lu, & Zhang, 2011), our tree similarity algorithm is more flexible since we can easily 

make tree simplicity as zero to make them the same, but our tree simplicity increases the 

matching space by providing a similarity value of an existing sub-tree and an empty tree.  

7.2 Extensions and Future Work 

There are several directions that our tree similarity algorithm can be further extended. First, 

when more than one node shares the same child; a tree structure cannot represent their 

relationships. Graphs could be used as a more general and flexible data structure than trees. 

One extension of our algorithms was to find the similarity of weighted directed acyclic 

graphs (Jin J. , 2006), which was applied for RNA matching (Jin, Sarker, Bhavsar, Boley, 

& Yang, 2005). However, weighted directed acyclic graphs are so specific that a more 

general weight graph similarity algorithm (Kiani, Bhavsar, & Boley, 2013) applied to e-

Health has also been proposed.   

Second, although we have proposed taxonomic class similarity for inner node similarity 

and local similarity measure for leaf node similarity, respectively, semantic matching 
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techniques, such as schema matching, and natural language processing should be further 

analyzed to see if they can be applied in our tree similarity matching. 

In this thesis, we analyzed our algorithms and compared with classical and most similar 

tree similarity algorithms mainly on synthetic trees. Our work can be applied and extended 

to real-life applications (and benchmarks, if available). However, we did not have a 

benchmark with a large amount of data or a big application to test our algorithms. Given 

a query tree, since our tree similarity algorithm is able to present a list of search results in 

descending/ascending order of similarity values, we would like to test if our search results 

are more precise, intuitive, and efficient by applying our algorithm to big applications like 

Kijiji and Amazon. We have used many examples in e-Business environments. Our trees 

can represent arbitrary objects as long as their attributes form a hierarchy. Therefore, our 

algorithms can be applied to many other domains. 

The future work of our tree similarity could also include further analysis of the symmetry 

and asymmetry of more types of data. If the typed similarity for leaf nodes cannot be 

symmetric and the asymmetric similarity is more realistic, our algorithm should be 

modified accordingly. 

In an e-Marketplace, the number of online buyers and sellers could be overwhelmingly 

huge. Companies, e.g. Amazon, are using AI and Big Data technologies to accelerate 

profits. Our algorithm could be further analyzed and improved to adapt to the clustering 

of Big Data (Shirkhorshidi, Aghabozorgi, Wah, & Herawan, 2014) (Lytras, Raghavan, & 

Damiani, 2017).  

Similarity calculation of objects is a key component of many algorithms, systems, and 

tools in various research areas, for example, clustering, Case Based Reasoning, schema 

matching and ontology matching. We will find if our algorithms could be integrated into 
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them to test its efficiency and accuracy and do more comparisons with them. This thesis 

does not research on pairing and negotiation processes between buyers and sellers. To 

make the AgentMatcher a complete system, developing pairing (Sarno, Yang, Bhavsar, & 

Boley, 2003) and negotiation algorithms can be done in future. Furthermore, with the 

employment of intelligent agents (Kebriaei, Majd, & Rahimi-Kian, 2007) (Negri, Poggi, 

Tomaiuolo, & Turci, 2006) and automated negotiation algorithms (Vij, Patrikar, 

Mukhopadhyay, & Agrawal, 2015), the whole buying/selling process could even be 

developed/improved as an automatic system without human interventions. 
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