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ABSTRACT 

In an era when recommender systems aspire to reduce information overload, we 

analyze how recommender systems can be implemented to overcome current 

limitations. This thesis presents a novel framework for a semantic recommender 

system that not only copes with existing problems but also presents a strategy that 

computes customized recommendations using a variety of tools including semantic 

contents. To this end, we have identified the need for developing semantic 

recommender systems, which are able to extend existing systems and perform a 

semantic search in an effort to find the most suitable scientific papers in the field of 

Computer Science. For this purpose, we developed three different semantic 

recommender techniques rooted in annotation systems and its semantic matching 

components. The techniques, which are entitled REI, REII, and REIII, are based on 

GATE, Alchemy API, and a combination of both tools. These recommender 

techniques are capable of exploring an annotated database in an attempt to trace and 

rank the most relevant documents in a particular query.  Precision and recall are 

subsequently measured and compared to a similar query conducted in Google Scholar 

indicating that this research is promising and can improve on current semantics-based 

recommender systems. 
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Chapter 1  

1   Introduction  

Information overload for the typical user surfing the Internet has led to an 

increasing demand for recommender systems. The central cause for information 

overload is the loss of significant data and the slow pace of work on the part of the 

user. Information overload will happen when users deal with more information than 

they are capable of coping with at any one point in time. This prohibits users from 

taking advantage of and processing information efficiently. Information overload 

prompts users to either make the wrong decisions or to delay making a decision 

altogether [1]. 

Recommender applications are powerful technologies that make personalized 

recommendations for users in terms of interesting choices available to them. They are 

a subclass of information filtering that search to estimate the 'score' or 'choice' that a 

person is likely to give various items. These items can range from audio, books, or 

films, to social components like people or groups. One of the top priorities in 

incorporating recommender systems is to offer personalized recommendations to 

users regarding various products and services. This outlook presents users with a 

fresh set of opportunities to find what they are interested in [29].  

Recommender systems have become an integral and important part of e-commerce 

and on-line information systems. Aside from being essential navigational tools, 

recommender systems present powerful methods and techniques for e-commerce 
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applications. As an important component of e-commerce, recommender systems rely 

on the top overall sellers and the past behaviour of buyers in recommending items 

and presenting the necessary information to customers so that they can choose their 

items of interest for purchase. Amazon, eBay, CDNOW, and Moviefinder are 

considered as good examples of e-commerce websites that successfully apply 

recommender systems to guide users [29].  

 There are a broad range of applications that are using recommender systems, 

such as recommendation for academic papers [28], news [27], movies [24] [12], 

restaurants [12], CDs [23], music tracks [26], and web pages [25]. These applications 

provide reliable and automated suggestions to the users regarding the items that they 

might wish to choose, watch, study, purchase, or check. The capability of helping 

users locate potential products of interest to purchase in the wealth of online 

information is revolutionary. 

Users can selectively attain what they need from a huge volume of information 

for any particular item. The sites that employ recommender systems are intent on 

presenting information on services and products that are most likely to be of interest 

for their audience. In presenting the recommendations, the recommender system uses 

facts from the registered user’s account and exhibited behaviour patterns by other 

groups of people with similar interests and evaluates the data in order to reference 

features with the intention of offering recommendations [31].   
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1.1  Motivations  

The earliest and most widely used recommendation approach is known as 

Collaborative Filtering (CF). CF creates a customer dataset from the user’s past 

preferences, such as their website visits, item selections and purchases, and then 

recommends items for the target user based on the preferences of other users who are 

recognized to be similar to him or her [2], [7]. The CF method finds the rating of an 

item for a target user by analyzing the item-ratings table of other close users called 

neighbors who have similar and common interests as the target user. Such a method 

needs to have access to the ratings of all users and their used items. 

CF approaches have some weaknesses. The most important problems are the 

following:  

 Cold start [4] – since CF recommenders depend on the past performance of 

users, they cannot provide accurate recommendations for new users because 

they do not have enough background information about them. In addition, 

they cannot work well for recommending new items because there are not 

enough ratings from users for the new added items. Many researchers use 

hybrid recommendation approaches to overcome this problem [1].  

 Sparsity – the number of items in any recommendation system is very large, 

so the rating number of popular items will be very small.  

Content-based approaches recommend an item to a target user based on the 

common characteristics and features of the item related to the other items that are 

close to his or her preference and interest [6]. Content-based filtering commonly 
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focuses on recommending items that indicate textual information such as documents, 

papers, and news items because of the importance of several text-based applications 

and also because of the developments from the information retrieval and filtering 

communities. In the case of textual information, content-based recommend systems 

usually depict items by the weight of the most informative keywords in their contents. 

Content-based recommendation systems find information about the user’s interests, 

needs, and preferences explicitly (e.g. by the ratings provided by the users) or 

implicitly (e.g. by analyzing what a user reads, clicks, and chooses) and save them in 

user profiles. These recommendation systems use item profiles for storing and 

managing information about items. The item profile contains a set of item features 

that come either automatically by using text classification algorithms or explicitly 

from the features of other similar items from other item profiles and user profiles. 

[4][6][8]. 

Content-based filtering overcomes the problem of CF, such as cold start and 

sparsity [8]. However, content-based filtering has weaknesses of its own, including 

limitation of keyword-based systems and overspecialization [6] [8]. The first 

limitation stems from the fact that content-based filtering depends on the similarities 

between items. When the system has insufficient semantic-based information about 

an item, it can fail to notice semantically similar items correctly, or it may retrieve 

many irrelevant items [8]. For example, a content-based recommendation system 

cannot recognize the terms “Programming Language,”  “C++,” and “Visual Basic” as 

similar terms to “Java,” if it interprets “Java” as an “island of Indonesia” instead of a 
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“programming language.” This problem can appear in the traditional content methods 

that represent a document as a vector of keywords [9]. Another problem is 

overspecialization, which comes from the fact that a user is limited to recommending 

items that have a high rating against the user’s profile, so the recommendation will be 

made of items that are similar to the items that have a good rating. In this case the 

recommender system may ignore different but still interesting items [1] [6] [8]. 

In order to overcome the aforementioned problems, we decided to develop an 

ontology-based recommendation. Using ontologies in content-based filtering for the 

representation of user profiles and item profiles can overcome the problems of this 

approach. Thus, items that are described in simple natural language terms will be 

mapped to an external knowledge base such as a domain ontology and the similarity 

between these representations will be calculated based on semantic analysis and 

measures [9] [8].  

Using ontological inferences can result in a better user profiling; consequently, 

it can reduce the effect of cold-start problems and provide more accurate 

recommendations. Through the utilization of ontology, a recommendation system can 

access more information about items in item profiles and user profiles and hence 

provide more accurate recommendations [4]. In an effort to represent the context, 

ontology is used as a formal, explicit specification of a shared conceptualization [30]. 

1.2  Objectives  

The main objective of this thesis is to procure an accurate recommendation 

system by extending the traditional content-based filtering methods by using semantic 
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web technologies to overcome the most popular problems found in the existing 

recommender system approaches. As discussed in the motivation section, content-

based filtering has some weaknesses that include limitations of the keyword-based 

system and overspecialization. By extending the traditional content-based filtering 

methods, we are able to overcome these problems. Ontologies consist of concepts, 

instances of concepts and relationships between them. Textual items that have been 

annotated with ontological information contain more meaningful semantically rich 

information [13] and can be exploited by recommender systems for more accurate 

recommendations. Annotation can connect descriptions in the ontology with their 

concepts and relations in the text. The application area of our work that is used for 

testing our algorithm is comprised of academic papers in the field of Computer 

Science. 

1.3  Contributions  

In this thesis, we designed and implemented a semantic recommender system 

that allows an individual to perform a semantic search and discovery for scientific 

papers in the field of Computer Science. This system recommends and ranks 

documents based on the user’s topics of interest.  Our semantic recommender system 

uses ontology-based annotation components to find and annotate the main topics of a 

document. It also uses semantic-based matching techniques to measure the 

cumulative distance of the main topics of a document to any given query phrase and 

then ranks documents based on these distance measures. We implemented our system 
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in the domain of Computer Science academic papers and evaluated and compared its 

performance. Our contributions can be summarized as follows: 

1. We developed an annotator system for annotating academic Computer 

Science papers. Our annotation system utilizes two highly efficient and 

reliable technologies namely GATE (General Architecture for Text 

Engineering) and Alchemy. Both of these annotation technologies are highly 

commended by professionals in the field and are capable of generating 

exceedingly precise and comprehensive annotations.  

2. We developed a semantic search engine based on the annotation system and 

its corresponding semantic matching component. This system can search over 

an annotated dataset and find and rank the most relevant documents to a given 

query. We developed three different systems based on Gate, Alchemy, and 

their combination. 

3. We implement our system in the domain of computer science academic papers 

by developing a Computer Science subjects ontology which contains 

information about subjects in the field of Computer Science. Our 

recommender system can recommend a paper in accordance to a user’s 

various topics of interest. 

4.  We evaluated the performance of our search engine systems to retrieve the 

maximum number of relevant papers. We measured both precision and recall 

to compare our results with Google Scholar.  
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1.4 Thesis Organization 

The current thesis is divided into six chapters. In the first chapter, we provide an 

overview and background of the proposed research. This includes exploring the 

circumstances surrounding the increasing demand for recommender systems. We 

provide a thorough description of recommender systems and how we use semantic 

web technologies to expand and improve on previous content-based filtering methods 

used in recommender systems. This section highlights the motivation behind the 

research, the aim and objectives of the work, and its contributions to the field of 

Computer Science.  

The second chapter discusses a more nuanced understanding of recommender 

systems, along with other basic concepts including ontology-based search engines, 

ontology-based information retrieval, and semantic search engines. We explore how 

newfound interest in recommender systems is paving the way for recommender 

systems to be used as a means to reduce search ambiguities for users and obtain 

optimal results in the process. We point out that one of the aims of this research is to 

solve the limitations of previous recommender system models that miss the mark in 

producing results that are most relevant to particular user preferences.  

Chapter three begins with a detailed discussion of the proposed approach in 

designing a semantic-based recommender system. We present a general overview of 

the system components and explore the various constituents found in the ontology-

based recommender system designed for this particular study.  
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In chapter four, we describe the implementation of our approach for designing a 

semantic-based recommender system. The implementation of all system components 

will be described in meticulous details. In chapter five, we describe how we evaluate 

our systems based on precision and recall measures.  

In the sixth chapter we conclude this study with a summary of our contributions 

and a discussion of possible future work. The concluding chapter reflects on the 

implications of this research as we summarize the outcomes of our work and outline 

directions for future research in this area. 
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Chapter 2 

2   Related Work  

The aim of this chapter is to provide an introductory framework for describing 

the general concept of recommender systems, ontology-based search engines, 

ontology-based information retrieval, and semantic search engines.  

2.1  Recommender Systems 

Recommender systems initially emerged as intelligent information filtering 

tools where users were offered recommendations and the system utilized the outcome 

to better meet the needs and demands of the target user [32]. The role played by 

recommender systems is reminiscent of a personalized decision guide. The growing 

interest in recommender systems has captured the imagination of experts and raised 

unlimited potential for research. The wealth of knowledge and personalized 

recommendations offered by recommender systems to users can assist them in 

dealing with information overload.  

Recommender systems have advanced consistently over the years but still 

require considerable improvements in order to make their methods more effective and 

applicable to a wider audience and a broader range of applications. There are a 

myriad of ways that can assist recommender systems in order to make them state-of-

the-art. Some of these include more enhanced ways of representing user behavior and 

the inclusion of a greater degree of contextual information among other things. In 
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order to accomplish all they are set out to do, recommender systems rely on user 

profiling and information filtering in order to provide users with concrete product or 

service recommendations that are in close proximity to the users’ preferences and 

needs, in terms of features.  

In time, the term recommender system has come to enjoy a broad meaning, 

depicting any system that generates individualized recommendations or has the 

potency to direct the user in a customized manner toward functional questions in an 

extensive space of conceivable alternatives. Such systems have a clear purpose in an 

environment where the measure of on-line information tremendously outperforms any 

singular competence to study it. Recommender systems are currently an essential part 

of various ecommerce destinations, as can be seen in the case of Amazon.com [33]. 

This section imparts the most popular approaches used in recommendation techniques 

proposed by researchers: Collaborative recommendations, Content-based 

recommendations, and Hybrid approaches [1] [3] [16].  

Collaborative filtering is a technology utilized primarily to predict preferences 

for users particularly with regards to item selection or ratings. Collaborative filtering 

methods finds the rating of an item for a target user by analyzing the item-ratings 

table of other like-minded users called neighbours who have similar concerns and 

conceivably common interests with the target user. In order for collaborative filtering 

to be efficient, it needs to have access to the ratings of all users in an effort to make 

an impartial representation of the ratings as relevant to the target user. Collaborative 

recommender systems total appraisals or recommendations of articles, distinguishes 
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commonalities between users on the basis of their evaluations and generates new 

recommendations based on between-user examinations [34]. A common user profile 

in a collaborative system is comprised of a vector of items and their evaluations, 

continuously enlarged as the user connects with the system over a long period of 

time.  

Collaborative filtering involves user-user similarity calculations through the 

utilization of user neighbourhoods to predict new products or services that are 

potentially of interest to the target user. In such a system, the relevance to the user is 

highlighted in the ongoing effort to improve the quality of recommendations. 

Predicting a user’s inclination toward a product or service by linking the user’s 

records with the recorded interests of a community of individuals is the central aim of 

collaborative filtering. Consequently, information that deals directly with the content 

of the item in question including words and descriptions are replaced with usage or 

preference patterns seen in other similar users who are of a similar mindset to the 

target user. Therefore, it would not be too far off to presume that collaborative 

filtering is based on the assumption that an effective method of coming to contact 

with interesting content for the target user is to find other individuals with a similar 

comparable interest in a particular content. That particular content, will of course 

need to possess characteristics that are of similar interest to the target user followed 

by the recommendation of titles that those like-minded users favour.  

Content-based recommendation is an extension and continuation of information 

filtering research [35]. Content-based filtering predicts the user’s preferred items 
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depending on similar features of those very items. Meanwhile, the hybrid approach 

combines the positive features of both collaborative and content-based approaches in 

order to predict items that the user is likely to prefer. 

As already pointed out, the goal of content-based recommendation systems is to 

suggest items that are similar to those a particular user with a mindset similar to the 

target user has liked in the past. In order to accomplish this objective, content-based 

recommender systems match up characteristics and attributes of a user profile where 

the preferences and interests of the individual is stored with the features of particular 

contents or items that might be of interest to the user. At this point, the system 

confirms receiving information that explicitly describes the nature of a particular 

product or service. The next obvious step is to predict which items the target user is 

likely to find desirable based on the sample the recommender system has of the user’s 

preferences. This form of content-based filtering does not depend on social 

information and instead is a reflection of the non-ratings information available.  

This particular form of filtering system employs information received from a 

user profile that represents the content description of items the user had shown 

interest in previously. The function of such systems is to primarily compare extracted 

features from items that have yet to be rated by users or with content description in 

the profile of the user. It is through this analysis that items that are believed to be 

considerably similar to the user profile are recommended by the system to the target 

user. Content-based filtering systems that are more commonly utilized in ecommerce 
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applications generally derive content descriptions from textual features that have been 

extracted from product descriptions.  

Despite their impressive contributions, content-based filtering systems have 

their disadvantages as well. The biggest downfall of these systems is their penchant to 

overspecialize the item selection, especially considering the fact that the profiles they 

derive their information from merely retain the user’s previous rating of items. An 

additional point that tends to be ignored is that it may not be practical to assume that 

content-based filtering systems require that items be represented effectively using 

extracted textual features considering the heterogeneous nature of data found on the 

World Wide Web. Consequently, items that do not possess the precise characteristics 

found in the user profile may not get recommended despite their potential similarities, 

especially if synonyms are used when describing keyword terms.  

The hybrid approach avoids the limitations of collaborative and content-based 

methods by combining them together in different ways in an effort to improve system 

performance [11]. The work in [22] enhances the performance of content-based and 

collaborative filtering methods by combining the separate vector rankings of these 

filtering methods in one list in order to get the best recommendation program of a 

television viewing system (PTV) [11] [20]. For a hybrid content-based collaborative 

filtering system to be effective, user profiles are used in accordance with content 

analysis. Subsequently, the profiles are compared in an effort to establish a baseline 

of similar users for collaborative recommendation. Accordingly, users are presented 

with items in two instances: the first one is when they score highly against their own 
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profile and the second is when they get high ratings from users that have a similar 

profile to the target user. It is the hybrid nature of this approach that circumvents the 

restrictions faced by content-based and collaborative systems while at the same time 

presenting users with new possibilities.     

2.2 Ontology Based Information Extraction 

The central purpose of Information Extraction (IE) is to locate specific kinds of 

structured information from the natural-language text. This mechanism was 

essentially produced for enterprises working on online platforms that use web 

services. Generally, these enterprises need terminology extraction mechanisms for the 

development of web crawlers and intelligent bots among other things [49]. According 

to Norvig and Russell, IE seeks to process natural language texts and obtain 

occurrences of the specific class of objects or events and occurrences of the 

relationships among them [36]. Riloff echoes these views by stating that information 

extraction is a form of natural-language processing in which certain kinds of data 

should be identified and removed from text [63]. An instance of an information 

extraction system at work is the extraction of data from various web pages regarding 

certain countries using a model that will specify what particular information is sought 

after taking into consideration the political, social, and financial indicators of the 

nations in question [63].  

Ontology-Based Information Extraction (OBIE) has come out as a sub-field of 

information extraction. Here, ontology is utilized by the info extraction process and 

the result is usually offered via ontology [37]. It should be pointed out that ontology 
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is understood to be a formal and explicit specification of shared conceptualization. 

Broadly speaking, ontology is known for specific areas. Because data extraction is 

mainly focused on locating information for a specific site, formally and explicitly 

indicating the principles of the site via ontology could be useful to this method. For 

instance, a geo-political ontology that describes ideas like land, nation, and town may 

be used to steer the information extraction process. This is actually the basic idea 

behind ontology-based information extraction [37]. Thus, it can be concluded that IE 

is the act of detecting specific pieces of information from a given document or 

content. Using this method creates a space where useful structured data is obtained 

from unstructured text. To be more precise, information extraction is the process 

whereby a set of substrings are found for a set of specified slots within a document 

known as fillers.  

Although OBIE has gained a favorable reputation in the past few years its actual 

origin could go as far back as the late 1990s, particularly in the work of Hwang in 

1999, regarding creating ontology from text. Ontology-Based Information 

Extraction’s surge in popularity can be seen in the increase in the number of 

publications regarding this topic. This, along with the fact that interest in information 

extraction is generally on the rise, is an indication that this field is experiencing 

substantial development [38]. Researching the implementation of information on 

different OBIE methods and showing the measurements that scientists pursued to 

assess the efficiency of OBIE systems may also prove to be useful in developing new 

OBIE systems [38].   
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Ontology locates two separate research areas in literature with virtually little or 

no features in common: the world of formal ontology specification and the world of 

ontologies for language-related AI (Artificial Intelligence) tasks [39]. The word 

ontology has come to be defined in a variety of ways including data, taxonomies, 

schema, formal ontologies, and inference. Ontologies may have been intended as an 

important and natural means of representing real world knowledge for the 

development of database designs [40]. In line with the findings of Neches et al. [41], 

ontology is a formal explicit description of concepts in a domain of discourse [60]. 

Overall, ontology is defined as an explicit specification of a conceptualization [42]. 

Gruninger and Lee [43] identify the uses of ontologies in the following manner:  

  Communication 

- between implemented computational systems 

- between humans 

- between humans and implemented computational systems 

 Computational inference 

- for internally representing plans and manipulating plans and planning    

information 

- for analyzing the internal structures, algorithms, inputs, and outputs of  

implemented systems in theoretical and conceptual terms 

   Reuse (and organization) of knowledge 

- For structuring or organizing libraries or repositories of plans and 

planning and domain information [43].  
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2.3 Semantic Search Engines 

Semantics are the most significant instrument used in finding any type of data 

on the Internet [44]. Semantic search seeks to enhance the reliability of web searching 

by taking into account the relevance and importance of context or meaning of the 

conditions so as to increase the probability of attaining more desirable web 

documents. Google and Bing search engines incorporate several semantic search 

instruments and make use of the science of meaning in language in order to create 

more appropriate results for users [45]. It is evident that the aim of semantic browsing 

is to provide data in a meaningful context as opposed to having to sort through lists of 

papers bound by key words [45]. Semantic search tools are indisputably striving to 

change our relationship with online searching. Semantic sources on the net will most 

likely depend on metadata to explain and collect files during information access. 

Meta-data is understood by the researchers to be “data about data" [46]. Semantic 

search engines depend on four approaches to search about their queries: 

 Use contextual analysis 

  Focus on reasoning 

  Emphasize on natural language understanding 

 Use Ontologies 

Furthermore, some semantic search engines utilize more than one approach in 

order to get more accurate and relevant search results, Sudeepthi  points to four 

approaches to semantic search that are utilized in some capacity by various search 

engines. These approaches are comprised of the use of meaning to improve the user’s 
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search experience, focus on reasoning, an emphasis on natural language 

understanding, and using ontology to represent knowledge about a domain and 

expand queries. The available semantic search engines tend to ‘mix and match’ these 

approaches in an effort to create the most efficient search experience for users [47].  

In describing the architecture of the semantic search engine, Kassim and Rahmany  

maintain that such a search engine should be composed of various components 

including Ontology development, Ontology Crawler, Ontology Annotator, Web 

crawler, Performing semantic search, Query builder, and Query pre-processor[64]. 

The superiority of semantic search engines to traditional is undeniable. Perhaps the 

most outstanding difference between the two systems is that the former is incapable 

of dealing with domain knowledge and is thus unable to understand the meaning of 

the search request and the inherent links between the terms in a document; Semantic 

search engines understand the complexities of natural languages and recognize how 

best to employ domain knowledge in order to efficaciously impact the precision and 

recall of the search results [65].   

 

2.4 Semantic Annotations 

As the cornerstone of Semantic Web, Semantic Annotation (SA) is used in 

knowledge management and creating metadata. SA refers to the procedure of 

indexing and recovering service knowledge from records and consequently making 

annotation or metadata. These annotations or metadata are properly demarcated for a 

specific domain utilizing appropriate sentence structure and semantics. Accordingly, 
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the principal objective of SA is to make metadata that could be used by both humans 

and machines.  As proposed by [48], the semantic web can help us achieve this 

objective as it proposes the utilization of space ontologies as semantic guides to 

annotate report content. Along these lines, semantic annotation is the procedure of 

mapping textual components discovered in texts with ontological notions.  

In semantic web, the domain ontology is a fundamental asset for SA. Ontology 

is characterized as formal and unequivocally restricted to imparted conceptualization 

[62]. It represents knowledge in a structured form suitable for gathering knowledge 

and contemplating it. SA is comparably described as a methodology where semantic 

data is added to linguistic structures.  

2.5 Recommended Systems and Mechanism for Automated 

Annotations 

Considering that in our annotation components we will use GATE and 

Alchemy, both will be explained in greater detail in the following section: 

I. GATE – The techniques depicted in this thesis are based on the GATE 

architecture. GATE encompasses features that are a considerable 

improvement on previously celebrated tools such as RapidMiner and NLTK 

[50]. One of GATES’ main advantages which could indeed be interpreted as 

its greatest strength, is its ability to produce an exclusive KIM semantic base 

[50]: 
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 An information extraction feature is integrated within GATE, known 

as A Nearly New Information Extraction system or ANNIE. Its 

function is to handle tokenisers, splitters, taggers, gazetteers, etc.  

 GATE is capable of handling multiple languages including English, 

French, Arabic, Chinese, etc [59].  

 In order to increase efficiency and effectiveness, certain Plugins are 

also available. 

 Several formats of input files, databases, and storage devices are 

supported by this tool. 

 GATE uses JAPE transducers that are exclusively used to manipulate 

annotations [51]. 

 Generally speaking, GATE is comprised of two principle functionalities:   

1. GATE Developer is an open source desktop application composed in 

JAVA that gives a client interface for expert linguists and text 

specialists to unite a wide mixture of text examination apparatuses and 

apply them to a report or set of reports. Door Developer incorporates 

numerous NLP instruments as modules. Some have been created in-

house, others have been composed explicitly for GATE, and there are 

those that have been ported from stand-alone open-source instruments.  

2. GATE Teamware is an electronic administration stage for 

communitarian annotation. It conveys a multi-function client interface 

over the web for review and including text annotations.  
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II. Alchemy – Alchemy API is recognized as one of the most popular and well 

known natural language processing platforms. Researchers have worked to 

generate annotations using this tool. One of the strong suits of Alchemy API 

is the provision of cloud-based services along with the on premise services 

(on premise text analysis infrastructure). This feature reduces the complexity 

of integrating and processing large volumes of natural language generated 

though applications of data processing pipelines. It is also capable of 

analyzing and tagging data extracted automatically from previously defined 

data processing pipelines, services, etc. 

  

2.6 LOD-Based Annotation Systems 

Linked Open Data (LOD)-based annotation systems find the main annotation of 

any document based on linked data and semantic web. Wikipedia Miner, Tagme, 

Alchemy, and Textrazor are prime examples of LOD-based annotation components. 

It may be characterized as the dynamic semantic enrichment of unstructured and 

semi-structured documents and the linking of these to relevant domain 

ontologies/knowledge bases. Semantic annotation is understood from a text-mining 

perspective in the sense that it deals with annotating everything from ontology 

through metadata in texts. This task is carried out by referring to their Unique 

Resource Identifiers (URIs) in ontology [52]. LOD resources are not only used as 

target entity knowledge bases for semantic enrichment and resource linking but also 

serve as central sources for large-scale ontological knowledge [53].  
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 Chapter 3: 

3   Semantic Based Recommender System  

In this chapter, we will describe the approach utilized for designing a semantic-

based recommendation system. We will illustrate a general overview of the system 

components and then explain each component in greater detail.  

3.1  System Overview  

The components of our ontology-based recommendation system are illustrated 

in Figure 3.1. As seen in Figure 3.1, the ontology-based recommender system we 

have designed is comprised of the following components: 

 Domain-specific ontology – An ontology used to represent the main subjects 

of the domain and the relationships between them in a formal way.  

 Repository of domain-specific documents – This repository includes a set of 

domain-specific documents. The ontology-based recommender system can 

semantically search over these documents and provide recommendations 

accordingly.  

 Domain-specific ontology-based annotation component – This component is 

responsible for annotating a domain-specific document based on domain-

specific ontology. During the annotation phase, this component takes an 

ontology, finds the instances of the ontology concepts in the documents, and 

exports annotations into a specified repository. 
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  LOD-based annotation component – This component finds the main topics, 

keywords, and concepts of documents in the domain-specific based on open 

linked data knowledge bases such as Wikipedia.  

 Semantic similarity measuring component – This component finds 

similarities between the annotations of documents in the repository of 

domain-specific documents and terms in a given query phase. It finds and 

calculates semantic similarity scores between words based on semantic 

similarity as opposed to syntactic similarity.    

 Recommender engine I – This component uses the domain-specific ontology-

based annotation component and the semantic similarity-measuring 

component and ranks documents based on similarity scores in order to 

provide users with highly specific and comprehensive documents from the 

repository.  

 Recommender engine II – This component uses an LOD-based annotation 

component and a semantic similarity-measuring component and ranks 

documents based on the similarity of scores in order to provide users with 

recommendations of documents from the repository suited to their needs. 

  Recommender engine III – This component works based on an integrated 

view of the annotations provided by a domain-specific ontology-based 

annotation component and an LOD-based annotation component. This engine 

ranks documents based on the scores returned by the semantic similarity 

component.  
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Figure 3-1 Components of our Ontology-Based Recommender System. 

 



 

 

26 

In the next section of this chapter, we will explain each component in greater 

detail and present an example in an effort to bring the recommendation systems into 

focus. 

 

3.2  Domain-Specific Ontology  

Using ontology for knowledge representation has its advantages, including the 

fact that explicit specification consistently makes knowledge sharing, knowledge 

understanding, as well as knowledge acquisition tasks considerably easier. Ontologies 

can represent objects, concepts, and other entities, but also the relationships that exist 

between them [54]. In order to ensure that a formal ontology is an appropriate 

specification of a domain, the conceptualization (concepts, their relations and 

constraints) of the domain must possess the appropriate features as well [55]. In our 

ontology-based recommender system, we use a domain-specific ontology that 

explicates the main concepts of the domain and their interrelationships. The ontology 

contains concepts, specific instances, and a set of parent-child relationships. 

 

3.3  Repository of Domain-Specific Documents 

This component contains a set of domain-specific documents. We will use this 

repository for all of the information retrieval tasks, along with annotating, searching, 

and providing semantic recommendations to users. As we will point out in Chapter 4, 

in our implementation of the system, this repository includes a set of academic 



 

 

27 

publications in the field of knowledge engineering, semantic web and search engines 

in Computer Science. Of course, this repository can be customized to any set of 

domain-based documents and texts in a different implementation of this system. 

Domain-specific ontology and the domain-specific repository of documents have a 

strong interrelationship: i.e. the more the main concepts in documents are covered by 

the ontology, the stronger semantic analysis our system can provide.  

3.4 Domain-Specific Ontology-Based Annotation Component  

This component annotates domain-specific documents in the repository base 

using domain-specific ontology. For the sake of annotation, we used General 

Architecture for Text Engineering (GATE). GATE contains functionality for various 

kinds of natural language processing tasks. One of the most prominent features of 

GATE is its ability to annotate documents. GATE provides facilities for domain 

experts to manually annotate documents with instances of a given ontology. In 

addition, it supports semi-automatic and automatic methods for annotation. The 

following features of GATE have been employed in our work:  

 Language Resources (LRs) – This includes ontologies and documents that 

have been loaded in the system, in our case, all documents in the repository of 

domain-specific documents, and corpus. 

 Processing Resources (PRs) – The tools used to create annotations or 

representing resources that are principally algorithmic, such as generators and 

parsers. Many PRs are combined in an application called pipelines. 
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 Applications – A term allocated to all processes that run on corpus or 

documents. 

 Data stores – The place where corpus documents and annotations are saved. 

 

3.4.1    GATE Components  

Among the numerous plugins provided by GATE that focus on different 

resources, we used the following resources, plugins, and components: 

 ANNIE – This is an application that performs information extraction (IE) on 

unstructured documents. It contains  a set of  PRs such as :  

- ANNIE English Tokeniser – This application splits the text 

into simple tokens and space tokens and provides a more 

sensible combination of words. Figure 3.2 shows the 

application of an ANNIE English Tokeniser on a sample 

document. As you can see in this figure, all tokens and space 

tokens (represented by pink and yellow colours in the figure) 

have been found and highlighted by this program resource. 
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Figure 3-2 ANNIE English Tokeniser on a Sample Document. 

 

- ANNIE Sentence Splitter – This PR splits a document into 

sentences. It finds sentences based on the tokens and sentence 

delimiters. . Figure 3.3 shows the application of an ANNIE 

Sentence Splitter on a sample document. As you can see in this 

figure, all sentences represented by the colour green in the 
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figure, have been found and highlighted by this program 

resource. 

  

   

Figure 3-3 ANNIE Sentence Splitter on a Sample of Document.  

 

- ANNIE POS tagger – This program resource is a Java 

implementation of Brill's Transformation-based tagger. It 

works with the Tokeniser and Sentence splitter to find and add 

part-of-speech tags as annotation tokens and symbols. 

 Flexible Gazetter – A Gazetteer has a set of lists that contain the names of 

entities such as locations, organizations, and persons. These lists are used to 
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find the instances of these entities in documents. A Gazetteer processing 

resource processes a document and finds any mention of these lists and 

produces annotations in a type of “Look-up.” GATE has a set of predefined 

Gazetteer processing resources but also provides the flexible Gazetteer, a 

processing resource that allows users to specify their own lists of entities and 

search corpus on this basis. We used Flexible Gazetteer to specify the domain 

ontologies as the input list for document processing.   

     OntoRoot Gazetter – The OntoRoot Gazetteer is a dynamically created 

Gazetteer and is required for ontology-based annotations. The OntoRoot 

Gazetteer is created by means of the OntoRoot Application (ORA) that 

processes the domain ontology and creates a set of entity lists from the 

ontology. Figure 3.4, which is taken from the GATE user guide, shows the 

main components of ORA. ORA works on a list of all concept names, 

individual names, and properties included in ontology. It first tokenizes every 

single linguistic term in the domain ontology and then allocates part-of-speech 

and lemma information to each token. Consequently, each individual token 

will possess an additional feature known as "root." The root of each token is 

comprised of the lemma as generated by the morphological analyzer. 

Subsequently, the lemma or set of lemmas are inserted into the dynamic 

gazetteer list. 
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Figure 3-4 Building Ontology Resource Root (OntoRoot) Gazetteer from the Ontology. 

 

 GATE Morphological Analyser – This processing resource identifies 

features like "lemma” and "affix” on Tokens. For instance, if the word under 

consideration is "singing," it can be used as a noun as well as a verb. In the 
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case where it is identified as a verb, its lemma will be "sing" and the affix is 

"ing."  

In illustrating the various components of GATE, it is essential to understand 

that natural language understanding is needed to intelligently comprehend the 

information processed by computers. It should also be pointed out that the great 

majority of data analyzed by computers, i.e. texts, is semi-structured. One of the 

functions of ontologies is to assist in the process of understanding and analyzing 

these large volumes of text, it can identify the concepts and their relationships and 

assist to provide the main keywords in the documents.  

3.4.2 The Annotation Strategy 

The process of document analysis in our work is performed in two phases: 1) 

Document Analysis phase and 2) Ontological Concept Identification phase. In the 

following section, we will describe these two phases in greater detail. 

3.4.2.1 Document Analysis Phase   

In this phase, we first use the ANNIE English Tokeniser to split the text in our 

documents into simple tokens such as words, space tokens, numbers, punctuation, 

and to distinguish between words in lowercase or uppercase or mixed caps in an 

effort to maximize efficiency of text analysis. Second, we use the ANNIE Sentence 

splitter for segmenting the text into sentences. In the next phase, we use the ANNIE 

POS Tagger for recognizing each token as a part of speech tag, such as noun, verb, 

and adjective, among others. Then, we utilize the GATE Morphological analyser in 
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order to recognize the lemma and affix by taking each processed documents based on 

previously explained processing resources. The domain-specific documents that have 

been analyzed by these processes are used in the Ontological Concept Identification 

phase.  

 

3.4.2.2 Ontological Concept Identification 

            In this section, we first build our gazetteer lists from the domain-specific 

ontology. For this purpose, we use Flexible Gazetteer and OntoRoot Gazetteer 

resources from GATE. As previously mentioned in Section 3.4.1, we use the 

Morphological analyzer to facilitate the process of extracting the list of concepts from 

the ontology. Afterwards, we perform a direct Gazetteer Lookup against a list of 

relevant terms found in the documents that have been analyzed in the Document 

Analysis Phase. 

Since we have applied morphological analysis on both documents and ontology, 

for the purpose of Gazeteer lookup it is not necessary that the text in documents be in 

precisely the same form as what would appear in the Gazetteer list. In light of the fact 

that there are considerable morphological variations in the English language and a 

number of other languages, the necessary flexibility required may not be provided by 

a precise matching. The Exploiting Flexible Gazetteer and Morphological analysis on 

the processed ontologies and document enable us to consider lemmas of tokens and 

concepts of ontology in the process of matching instead of precise matching. 
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3.5 LOD-Based Annotation Component 

LOD, an open structured way for publishing data, has emerged as a centrally 

important notion in the semantic web community. One of the most popular LOD 

companies that analyze documents and texts is AlchemyAPI. In the remaining part of 

this chapter, we will provide a detail description of what LOD components are 

capable of accomplishing. 

3.5.1 Alchemy 

AlchemyAPI employs different parsing methods in an effort to find the main 

concepts, keywords, and named entities in texts and links each concept to an entity in 

Wikipedia.  AlchemyAPI engages in an in-depth analysis of documents and texts and 

offers various functions for text analysis. We used the following functions in order to 

annotate (find the main concepts of a document) our documents: 

 Concept Tags – Alchemy has developed and provided techniques for finding 

the main concepts of documents in a way that is believed to be similar to how 

humans would recognize these concepts. The concept tagging API is capable 

of identifying the relatedness between concepts and the text in documents and 

finding concepts that are the main topics of a given text, even if these 

concepts are not explicitly mentioned in the text. For instance, in a text that 

mentions the words OWL and ontology on a number of occasions, the concept 

tagging API may find “semantic web” as a concept of the document even if it 

is not explicitly stated in the text.  
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 Field Terminology – This API employs complex statistics and natural 

language processing technologies to automatically classify a text. This 

classification is based on terminologies and content in a given text and their 

classification into main content categories or fields like computer-internet, 

business, semantic web, and networks among other terminologies.   

3.5.2 The Annotation Strategy 

The process of document analysis in our research is applied by using the 

concept tagging API and the field terminology API from Alchemy. In the first step, 

we used the concept tagging API to find all central relevant concepts in documents. 

This API finds the main concepts and also provides links to Wikipedia, DBpidia, and 

Yago entities with regards to each concept. The next step is to find more concepts 

related to the text using the field terminology API. This step will help us get more 

accurate information about the documents field. 

3.6 Semantic Similarity Measuring Component 

For the sake of our recommender system, we need to use a component to find 

the similarity of what is expressed in a query and what is mentioned in documents. 

One of the most prevalent means of finding the similarities between the two text 

segments is the employment of a simple lexical matching method and producing a 

similarity score based on the number of lexical units that occur in both input 

segments [57]. This method may cause a synonymy problem, where the terms used in 

queries are different from the words used in a document for describing the same or 
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similar meanings. For example, a document that talks about President Obama is 

related to the query “President of the United States,” even though different words 

have been used. 

There have been suggestions made to improve this simple method including 

stemming, stop-word removal, part-of-speech tagging, and longest subsequence 

matching, together with various incrementing and normalization factors [58]. Despite 

relative success, the application of such similarity methods has not always 

accomplished its ultimate aim of identifying the semantic similarity of texts. For 

instance, President of the United States example, none of these improvements can 

find a similarity between the two phrases “Barack Obama” and “President of the 

United States.” 

Contrary to the existing variations of syntactic similarity scores, the semantic 

similarity measuring component of our work finds the distance between the keywords 

or annotation of documents and any given query based on semantic analysis. In order 

to find the semantic similarity, we applied a method proposed in [61] to employ the 

knowledge expressed in Wikipedia in order to find the semantic distance between 

words. Wikipedia has turned into a frequently used source of semantic information 

along with WordNet, gazetteer and NER (Named Entity Recognizr) systems [56]. 

The method we have employed for semantic similarity finds the distance between any 

given two Wikipedia entities based on the number of common pages that have links 

to these entities.  
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3.7 Recommender Engine I 

Recommender Engine I utilizes the domain-specific ontology-based annotation 

component and the semantic similarity measuring component and ranks documents 

based on similarity scores in order to accommodate the user. 

3.7.1 Algorithm 

The process used to recommend academic papers to the user is comprised of the 

following steps: 

1) Prepare the repository of domain-specific documents that contains academic 

Computer Science papers. 

2) Prepare a Computer Science Ontology, which contains information about 

subjects in the field of Computer Science. 

3) Use GATE to annotate a domain-specific document based on the domain 

specific ontology. 

4) ) Extract and manage the extracted annotations for each document. 

5) Find and calculate the semantic similarity between the keywords or 

annotations of the documents and any given query. 

6) Rank documents based on the similarity score tailored to each 

individual user's interest. 

3.7.2 Explanation and Example 

This recommendation algorithm will be explained in greater depth via a sample 

in this section. As an example, assume we have a repository R1, including all 
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domain-specific documents and an ontology O1, which is a domain-specific ontology 

(Step 1 and Step 2 of the algorithm). The third step in the algorithm is to use GATE 

components for analyzing all documents in R1 and producing annotations. We use 

the components that have been previously described in Section 3.4.1 to analyze all 

documents in R1 and then export all annotations in the Annotation Repository, AR 

(Steps 3 and 4 in the algorithm). In step 4, we only export the annotations that are 

more frequent than a specific threshold in order to find the main topic of a document.   

For the purpose of our example, assume that AR has the following records: 

      Doc 1: Social Networks, Networks, Associated Value, Book, and Facebook 

      Doc 2: Semantic, Annotation, and Logic  

      Doc3: Design, Publishing, Evaluation, and Engineering 

Assume that we have a query, “Description Logic.”  Step 5 in this algorithm is 

to find the similarity between “Description Logic” and all annotations in all 

documents. What we have obtained from the semantic similarity component for this 

particular example is as follows: 
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The last step is to rank the documents based on these similarity measures. We 

used the following formula for calculating the final similarity measure between a 

document and a query term:  

 

Where  is the list of all top-k annotations for Doci. In this formula, FSM is 

the Final Semantic Measure for a document (Doci) and a query term (q). ). FSM is 

equal to the sum of the semantic similarity (SEM-SIM) for those annotations that 

have been found in the document more than a threshold k and the query term q. 

For example, in our sample data store, top-k (Doc1, “Description Logic”) is 

0.294, 0.254, 0.0;  top-k (Doc2, “Description Logic”) is 0.811, 0.0. 0.749; and top-k 

(Doc3, “Description Logic” is 0.286, 0.0, 0.227, when we choose k as equal to 3. In 

this example, FSM (Doc1, “Description Logic”) is 0.548, FSM (Doc 2, “Description 

Logic”) is 1.560, and FSM (Doc 3, “Description Logic”) is 0.513. 

It is evident in the provided example that Doc 1, Doc 2, and Doc 3 are ranked in 

the following order for the query term “Description Logic :” 

   1.  Doc2. 

   2.  Doc1. 

   3.  Doc3. 

 



 

 

42 

3.7.3 Discussion  

One of the main problems that the users of ordinary recommender systems face 

throughout their search task is being bombarded with a set of irrelevant topics for 

each query. The ontology-based recommender system, Recommender Engine I, can 

assist in alleviating this problem and improving the recommendation results by 

reducing the ratio of non-related suggestions for queries. We will further explain this 

notion through an example in this section. As an example, assume we want to 

generate recommendations for the Computer Science domain and have an ontology 

describing the main concepts of this domain. In addition, we have a repository R1 

that has a set of documents including D1 and D2. D1 is a document about Java Island, 

an island in Indonesia, with a great deal of information about the islands geography, 

population, and tourism. On the other hand, D2 is a document about the Java 

Programming Language that includes different Computer Science concepts such as 

programming languages, the Java compiler, and the Object Oriented notion.  

Consistent with recommender Engine I, both documents are analyzed using the 

GATE components and the Computer Science ontology, and their annotations are 

found and saved in a specific repository (Step 4 in Algorithm in Section 3.7.1). Now 

assume a query about Java Programming Language is received by Recommender 

Engine I. This recommender finds the semantic similarity between the Java 

Programming Language and the Java (The only concept found in D1 using GATE 

and the domain-specific ontology). This recommender Engine finds the similarity 

between the Java Programming language and Java, complier and Object Oriented 
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Programming for D2. Understandably, FSM for D2 is much greater than D1, which 

results in a document related to domain and the query is recommended to users. 

3.8 Recommender Engine II 

Recommender Engine II uses the LOD-based annotation component and the 

semantic similarity measuring component and ranks documents based on similarity 

scores to comply with the user’s needs and interests. 

3.8.1 Algorithm  

The process of recommending academic papers to users is comprised of the 

following steps:  

1) Prepare the repository of domain-specific documents that contains 

academic Computer Science papers. 

2) Use AlchemyAPI to annotate our domain-specific documents.  

3) Extract and manage the extracted annotations for each document. 

4) Find and calculate the semantic similarity between the keywords or 

annotation of documents and any given query. 

5) Rank documents based on the similarity score.   

 

3.8.2  Explanation and Example 

We will explain this recommendation algorithm through an example in this 

section. As an example, imagine we have a repository R1, including all domain- 
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specific documents (step 1). Use AlchemyAPI in the second step in the algorithm to 

analyze all documents in R1 and produce annotations. We use the component that we 

described in Section 3.5.1 to analyze all documents in R1 and then export all 

annotations in the Annotation Repository, AR (step 2 and step 3). For this example 

assume that AR has the following records: 

Doc1: Data Structure, Artificial Intelligence, Statistical Classification, and  

          Matrix 

Doc2:  Keyword Search, Search Engine, and Relational Database  

Doc3: Semantic Web, Probability Theory, Machine Learning, and Artificial- 

           Intelligence 

Assume that we have a query, “Description Logic.”  Step 4 in this algorithm is 

to find the similarity between “Description Logic” and all annotations in all 

documents. What we have obtained from the semantic similarity component for this 

example is as follows: 
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The last step is ranking documents based on their similarity measures SM score. 

The following formulas were used to calculate the final similarity measure between a 

document and a query term: 

      
 

0

k
ikey Doc

i i

j

FSM Doc ,q SEM SIM key Doc j ,q


   

Where  k
ikey Doc  is the list of all keywords for Doci found by Alchemy API. In this 

formula, FSM is the Final Semantic Measure for a document (Doci) and a query term 

(q). FSM is equal to the sum values for the semantic similarity measure between all 

keywords recognized by Alchemy API of Doci and q.   

For instance, in our sample data store, SM (Doc1, “Description Logic”) is 

0.474, 0.533, 0.466; SM (Doc2, “Description Logic”) is 0.486, 0.435, 0.549; and SM 

(Doc3, “Description Logic”) is 0.776, 0.537, 0.549, and 0.533. In this example, FSM 

(Doc1, “Description Logic”) is 1.815, FSM (Doc2, “Description Logic”) is 1.470, 

and FSM (Doc3, “Description Logic”) is 2.396. 

In this example we can find that Doc1, Doc2, and Doc3 are ranked in the 

following sequence as a result for the query term “Description Logic.” 

   1. Doc3. 

   2.  Doc1. 

   3.  Doc2. 
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3.8.3 Discussion  

In this section we have demonstrated the advantages of the second approach 

using the same example that we used in section 3.7.3. Recommender Engine II 

produces annotations for both D1 and D2 using Alchemy APIs and exports them into 

a specific repository. In this case, D1 includes the main document concepts such as 

Tourism, Geography, Island, and Indonesia; D2 incorporates concepts such as 

Programming Languages, Compilers, and OO. It is apparent that D2 will have a 

larger final ranking score and will be recommended to users utilizing this 

recommender engine.   

3.9 Recommender Engine III 

Recommender Engine III is built on a combination of annotations provided by 

the domain-specific ontology-based annotation component and the LOD-based 

annotation component, along with the semantic similarity measuring component. 

Once these components are combined, the documents are ranked based on a final 

ranking score to express user interest. 

3.9.1 Algorithm 

The processes used to recommend academic papers to the user are comprised of 

the following steps: 

1) Prepare the repository of domain-specific documents that contains academic 

Computer Science papers. 



 

 

48 

2) Prepare a Computer Science Ontology, which contains information about 

subjects in Computer Science. 

3) Use GATE for annotating a domain-specific document based on our ontology. 

4) Use AlchemyAPI to annotate our domain-specific documents.  

5) Extract and manage the extracted annotations for each document. 

6) Find and calculate the semantic similarity between the keywords or 

annotations of documents and any given query. 

7) Rank documents based on a new similarity score to provide papers interest to 

the user. 

3.9.2 Explanation and Example 

In this section, we will explain this recommendation algorithm through an 

example. As an example, assume we have a repository R1, including all domain-

specific documents, and ontology O1, a domain-specific ontology (Step 1 and Step 2 

of the algorithm). The third step in the algorithm is comprised of using GATE 

components for analyzing all documents in R1 to produce annotations. We use all the 

components that have been previously described in Section 3.4.1 to analyze all 

documents in R1 and then export all annotations in the Annotation Repository, AR 

(Step 3 and 5 in the algorithm). Step 5 in the algorithm is to use AlchemyAPI for 

analyzing all documents in R1 and producing annotations. We use the component that 

was described in Section 3.5.1 to analyze all documents in R1 and then export all 

annotations in the Annotation Repository, AR (step 4 and step 5). For step 7, we use 

the semantic similarity scores between all annotations recognized by GATE and 
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alchemy API for the purpose of recommendation .In this example, assume that AR 

has the following records: 

Doc1: Data Structures, Artificial Intelligence, Statistical Classification, Matrix, 

          Social Networks, Networks, and Association Rules.  

Doc2: Information Retrieval, Search Engine, Relational Database, Semantic,  

          Annotation, and Logic. 

Doc3: Semantic Web, Probability Theory, Machine Learning, and Artificial- 

           Intelligence, Design, Publishing, Evaluation, and Engineering. 

Assume that we have a query, “Description Logic.”  Step 5 in this algorithm is 

to find the similarity between “Description Logic” and all annotations in all 

documents. The following outlines what we have attained from the semantic 

similarity component for this example is as follows:  
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The final step is to rank documents based on these similarity measures. We used 

the following formula to calculate the final similarity measure between a document 

and a query term: 
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In this formula, FSM is the Final Semantic Measure for a document (Doci) and 

a query term (q). FSM is equal to the sum values for the semantic similarity measure 

between all annotations of Doci and q.   

For example, in our sample data store, SM (Doc1, “Description Logic”) is 

0.474, 0.533, 0.466, 0.341, 0.294, and 0.254. 0.0; SM (Doc2, “Description Logic”) is 

0.486, 0.435, 0.549, 0.811, 0.0., and 0.749; and SM (Doc3, “Description Logic”) is 

0.776, 0.537, 0.549, 0.533, 0.286, 0.0, and 0.227. In this example, FSM (Doc1, 

“Description Logic”) is 2.364, FSM (Doc2, “Description Logic”) is 3.031, and FSM 

(Doc3, “Description Logic”) is 2.909. In this example we have illustrated that Doc1, 

Doc2, and Doc3 are ranked as follows for the query term “Description Logic.” 

1. Doc 2. 

2. Doc3. 

3. Doc1.  

 

3.10 Differences Between the RE's Outcomes  

3.10.1     Discussion and Example  

There are some situations where GATE is not working well. These cases 

usually happen when the main keywords in R1 are not in our ontology, so the AR 

will not be enough to rank the documents correctly. By using Alchemy API, we aim 

at overcoming the GATE weakness in the cases when the ontology does not cover all 

keywords in the domain repository. Alchemy can recognize the main keywords and 
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themes of a document without employing a domain ontology. Nonetheless, this does 

not mean that using Alchemy is always the best option and that it does have some 

problem.  This problem could happen when Alchemy produces a set of unrelated or 

wrong keywords or when it fails to find main domain key phrases in documents.   

The situation of using GATE and LOD alone is sometimes not as effective as 

when using the combination of them. When we have combined the annotations 

provided by the domain-specific ontology-based annotation component and LOD-

based annotation component, we will have a rich annotation repository especially 

when the keywords in our ontology are good and the keywords from Alchemy also 

are related with a given query, which can help to produce accurate and related 

documents with a given query.  The performance of this approach is highly dependent 

on the performance of the annotations produced by each of GATE or LOD-based 

annotation systems. 

As an example, consider we have R1 including Doc1 and Doc2. Doc2 is more 

related to the "description logic” term than Doc1. Figure 3.5 and 3.6 shows the 

contents of Doc1 and Doc2:  
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Figure 3-5 Doc1 Contents.  

   

Figure 3-6 Doc2 Contents.  

 

The AR by GATE for both documents has the following records:  

      Doc1: Pattern, Description Logic, and Logic.  

      Doc2: Description logic, Logic, and Artificial Intelligence.  

Assume that we have a query, “Description Logic.”  What we have obtained 

from the semantic similarity component for this AR is as follow: 

     Doc1: Pattern = 0.0, Description logic = 1, and Logic = 0.74 

     Doc2: Description logic = 1, Logic = 0.74, and Artificial Intelligence = 0.53 

The FSM for both documents and query term are: 
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    FSM (Doc1, "Description Logic") =   1.74 

    FSM (Doc2, "Description Logic") =   2.27 

In this example we can find that Doc1 and Doc2 are ranked in the following 

sequence as a result for the query term “Description Logic:” 

1- Doc2 

2- Doc1  

 

The AR by AlchmeyAPI for both documents has the following records:  

    Doc1: Web Ontology Language, Description Logic, Ammonia, Gene, Amino Acid,   

              Semantic Web, and Acid. 

    Doc2: Scientific Method, Formal Language, Propositional Calculus, Cognition,  

              Logic, First-Order Logic, Predicate Logic, and Reason.  

Assume that we have a query, “Description Logic.”  What we have obtained 

from the semantic similarity component for this AR is as follow: 

    Doc1: Web Ontology Language = 0.78, Description logic = 1, Ammonia = 0.16,  

              Gene = 0.0, Amino Acid = 0.16, Semantic Web = 0.77, and Acid = 0.16 

    Doc2: Scientific Method = 0.37, Formal Language = 0.58, Predicate Logic = 0.61,  

              Logic = 0.74, Propositional Calculus = 0.69, First-Order Logic = 0.69,  

              Cognition = 0.43, and Reason = 0.58   

The FSM for both documents and query term are: 

    FSM (Doc1, "Description Logic") =   3.03 

    FSM (Doc2, "Description Logic") =   4.69 
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In this example we can find that Doc1 and Doc2 are ranked in the following 

sequence as a result for the query term “Description Logic” 

1- Doc2 

2- Doc1  

 

The AR by combination of GATE and LOD for both documents has the 

following records:   

    Doc1: Pattern, Description Logic, Logic, Web Ontology Language, Description  

               Logic, Ammonia, Gene, Amino Acid, Semantic Web, and Acid. 

    Doc2: Description logic, Logic, Artificial Intelligence, Scientific Method, Formal 

              Language, Propositional Calculus, Cognition, Logic, First-Order Logic, 

              Reason, and Predicate Logic.  

Assume that we have a query, “Description Logic,” and we found the SM for all 

AR in the same way that we did it in the last section.   The FSM for both documents 

will be as follow 

          FSM (Doc1, "Description Logic") =   1.74+3.03 = 4.77 

 FSM (Doc2, "Description Logic") =   2.27+4.69 = 6.96  

 

3.10.2   Justifications  

 As mentioned earlier, GATE and AlchemyAPI result can become in different 

cases. For our example in Section 3.10.1, we recognized that GATE results are good 

and related with a query term because our ontology covers all main concepts in the R.  
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However, AlchemyAPI found many unrelated concepts, which did not affect our 

result for these examples because their weights are small.  AlchemyAPI in this 

example works well and gives good ranking. The combination of GATE and LOD is 

also acceptable because the results and the ranking of the documents for each one are 

the same so the results of their combination is acceptable.    
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Chapter 4:  

4   Implementation 

In this chapter, we describe the implementation of our approach for designing 

the semantic-based recommender system. We also describe the implementations of all 

system components in the subsequent sections. 

 

4.1   The Repository of Domain Specific Documents 

We have created a repository of domain-specific documents in order to be used 

in all of the information retrieval tasks. Our domain-specific documents were 

collected  from two sources: 1) papers that have been published in the Semantic Web 

- ISWC 2011 - 10th International Semantic Web Conference, Bonn, Germany, and 2) 

papers that have been published in the 21st International Conference on World Wide 

Web, WWW (2013): Lyon, France. We have randomly chosen 100 Computer 

Science papers and saved them in the repository.  

 

4.2 Domain-Specific Ontology  

We have created an ontology to represent the main subjects of the Computer 

Science domain and the relationships between them. In order to create the ontology, 

we used the information provided by the ACM Computing Classification System 

(CCS). Figure 4.1 shows the main components in CCS:    
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Figure 4-1 The ACM Computing Classification System (CCS). 

We created the domain-specific ontology by using the Protégé Software. The 

reason for choosing the Protégé Software is that it is one of the best freely available 

open source software that can be used without any complexity for the editing and 

development of ontologies. Figure 4.2 depicts the main classes of our ontology in 

Protégé. 
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Figure 4-2 Domain-Specific Ontology Protégé. 

4.3 Domain-Specific Ontology-Based Annotation Component 

 We have annotated our domain specific documents in the repository using the 

domain-specific ontology that we created using Protégé. We used all components of 

GATE described previously in Section 3.4.1. The following steps explain this process 

in greater detail:  
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4.3.1 Loading the CREOLE Plugin 

In Gate, all processing resources (PRs) are in the CREOLE plugin. Thus, in 

order to load Gazetteer_Ontology_Based plugin, ANNIE, and Tools plugin, we have 

to first load the CREOLE plugin that contains these features. Figure 4.3 illustrates the 

loading of our PRs:  

 

 

Figure 4-3 The CREOLE Plugin Manager. 

4.3.2 Creating a new corpus  

The next step is to create a new place called "corpus" and subsequently populate 

our domain-specific documents inside it. Figure 4.4 demonstrates this step more 

accurately: 
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Figure 4-4 Creating Corpus.  
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4.3.3 Loading our Ontology:  

Here we load the ontology test-ontology-instances.owl. Figure 4.5 shows our 

ontology in GATE. 

     

 Figure 4-5 Loading Ontology in GATE. 
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4.3.4 Creating and Running an Application (Corpus Pipeline)  

Once our ontology and all other resources have been loaded, as outlined in 

Section 3.4.1, we create an application to load the Gate tools (Tokeniser, Sentence 

Splitter, POS Tagger, Morphological Analyser, OntoRootGazetteer, and Flexible 

Gazetteer) over the corpus that we already created in the previous step. The input 

used in our pipeline Application consists of a series of documents that will be 

annotated depending on the domain ontology. Figure 4.6 displays a GATE 

application with PRs.  

 

 

Figure 4-6 GATE Application. 
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            The next step is to run the application in order to annotate the documents.  

Documents with annotations of type Lookup are considered as output. Every single 

one of these documents possesses the feature ‘URI’ which is used to identify the URI 

of the ontology resource. The documents also contain the feature ‘type’ for 

identifying the specific type of ontology resource, such as classes or individuals. 

Figure 4.7 shows a sample of annotating documents.  

 

 

Figure 4-7 Output Example. 
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4.3.5 Export Annotation to Repository 

 Finally, all annotations will be saved in the text file in order to use it as an input 

data to the semantic similarity measuring component.  

 

4.4 LOD-Based Annotation Component   

AlchemyAPI is among the most popular natural language processing services 

used by different applications. It can extract semantic meta-data from content such as 

information on people, topics, facts, and authors. By utilizing Alchemy API, it is 

possible to have access to different content analysis services on internet-accessible 

web pages and posted HTML or text content. We used field terminology and concept 

tagging services and applied them to the documents in our repository.   

4.5 Semantic Similarity Measuring Component  

One of the most powerful tools used to analyze unstructured documents is 

TagMe!. We have used the RelatingAPI service from TagMe! to measure the 

semantic similarity between two topics. This measure produces a value between 0 and 

1, which estimates the semantic relatedness between topics. The following figure 

shows a sample of the result of our java code used to measure semantic similarity 

between the concept semantic web and a set of different concepts.   
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Figure 4-8 SM Sample. 

 

4.6 Recommender Engine I (REI)  

In REI, we have used the domain-specific ontology-based annotation 

component that we created by applying GATE to 100 academic papers. The 

semantic-similarity measuring component then ranks documents based on similarity 

scores. In order to find the main topics of a document, we have exported those 

annotations that are more frequent than threshold >=3 and found the FSM for the 

document and query by finding the summation of the top 5 largest values for SM. 

Figure 4.9 demonstrates  results after running a sample for the "Ontology" query.    
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Figure 4-9 Sample REI Results. 

4.7 Recommender Engine II (REII)  

We used LOD-based annotation-component and semantic similarity measuring 

component, and then ranked documents based on their similarity scores to provide the 

users with their desired documents. Figure 4.10 demonstrates the results of running a 

sample of "Ontology" query. 
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Figure 4-10 Sample REII Results. 

4.8 Recommender Engine III (REIII)  

We used a combination of annotations provided by the domain-specific 

ontology-based annotation component and the LOD-based annotation component, 

along with the semantic similarity measuring component. The documents are ranked 

based on a final ranking score of the combination of REI and REII. Figure 4.11 

shows the results of running a sample "ontology" query: 
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Figure 4-11 Sample REIII Results. 
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Chapter 5:    

5   Evaluation  

5.1 Introduction   

In this chapter, we report on the evaluation of the performance and effectiveness 

of the REI, REII, and REIII techniques aimed at retrieving the maximum number of 

relevant papers for a given query. In an effort to calculate the efficiency of our 

approach, we employed both precision and recall measures in order to illustrate 

specificity and coverage. The main idea behind retrieval information system 

evaluation is interrelated to relevant or non-relevant documents regarding a particular 

query. There are various measures utilized for evaluating the performance of 

information retrieval systems. The two most important evaluation measures include 

precision and recall: 

Precision is defined as the number of relevant documents retrieved by a 

search divided by the total number of documents retrieved by that same search. 

 

Recall is defined as the number of relevant documents retrieved by a 

search divided by the total number of existing relevant documents. 
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5.2 Evaluation Results 

We used an online survey to evaluate the results we obtained thus far in the 

study. First we asked a series of questions in the form of a survey and requested that 

graduate computer science students and researchers fill out the survey. Seven 

questions were used in each query term. The query terms that we used included 

semantic web, social network, ontologies, annotation, and web services. In our 

questionnaires, we also asked the users to evaluate Google Scholar but the name of 

the search engines remained hidden at all times to ensure that evaluation conditions 

were fair and unbiased. In light of our decision to keep the names of our systems and 

Google Scholar hidden, we used System 1 instead of Google Scholar, System 2 in 

place of REII, System 3 rather than REI, and System 4 instead of REIII. The 

questions we used for each query are as follows (“query term” was replaced by the 

appropriate query term in each question): 

Q1. The following is a list of the top ranked academic papers returned by system1 

for the "query term" from the existing papers in our repository. Please rank 

the relatedness of each paper to the "query term.” 

Q2. The following are the first 10 academic papers that are returned by 

system2 for the "query term." Please rank the relatedness of each academic 

paper to the query term. 

Q3. The following are the first 10 academic papers that are returned by 

system3 for the "query term." Please rank the relatedness of each academic 

paper to the query term.  
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Q4. The following are the first 10 academic papers that are returned by 

system4 for the "query term." Please rank the relatedness of each academic 

paper to the query term. 

Q5.  The following is the list of the top ranked papers that have been returned by 

system1 for the "query term," but is not returned by system2.  Please select 

those papers that you think should be included in the first 10 papers and their 

rank. 

Q6. The following is the list of the first top ranked papers that have been returned 

by system1 for the "query term," but is not returned by system3.  Please select 

those papers that you think should be included in the first 10 papers and their 

rank. 

Q7. The following is the list of the first top ranked papers that have been returned 

by system1 for the "query term," but is not returned by system4.  Please select 

those papers that you think should be included in the first 10 papers and their 

rank. 

Figure 5.1 demonstrates a sample of question 3 for system 3 on the survey for 

the query term “ontology:"  
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Figure 5-1 Sample of One Survey Question. 
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5.3 Questions Description  

 The goal of question 1 is to find the precision of Google scholar. The aim is to 

rank how many of the papers that are returned by Google Scholar are correct 

and strongly related to the query term. For this purpose, we have used a 

multiple choice question format. The respondents are asked to give a rating 

for the question on a scale from 1 to 10 by selecting one option they believe to 

be closest to the correct answer. The scale is marked by the two end points 

“not related” and “strongly related.” The users decided which papers are very 

good, good, or bad in relation to the query term. From the responses to this 

question, we are going to find the number of related papers from the first top 

10 papers that are returned from Google Scholar.  

 The objective of questions 2, 3, and 4 is generally similar to the first question. 

However, instead of finding the precision measure of Google Scholar, they 

will find the precision measure of Recommender EngineII (REII), 

Recommender EngineI (REI), and Recommender EngineIII (REIII), 

respectively.   

 The goal of question 5 is to find all the papers that are returned by Google 

Scholar but not by recommender EngineII and see whether they are related to 

the query term or not. This question serves a double purpose, in the sense that 

we can make sure that respondents have noted the questions that are not 

appearing in REII and rated them again. At this juncture, we use this rating in 
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addition to the ratings obtained from questions 1-4 in order to calculate the 

recall.   

 The aim of questions 6 and 7 are similar to question 5, but to find the recall 

measure for REI and REIII, respectively  

 

5.4 Results  

Participants samples are show in Figures 5.2, 5.3, and 5.4. Each figure shows a 

sample of ratings for the top ten papers for the query terms, "ontology,"  “semantic 

web,” and "web service,” respectively:  

    

Figure 5-2 Rating Top Ten Papers by Four Search Engines for the Ontology Query.     
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Figure 5-3 Rating Top Ten Papers by Four Search Engines for Semantic Web Query. 

    

Figure 5-4 Top Ten Papers by Four Search Engines for Web Service Query.  
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5.5 Precision and Recall  

In this section, we describe how precision and recall were calculated, followed 

by a review of the overall results that have been computed and used in precision and 

recall measures. Precision is the number of correct answers divided by the whole 

number of answers. In our repository, in some cases Google Scholar returned less 

than 10 papers, our search engines returned 10 papers. All papers returned with 

different rankings. The participants assigned different numbers (1-10) to each paper. 

The following is the formula used for computing precision (P): 

 

 Where 

                      ri is the average rating provided for paper number i 

                      n is the overall number of papers  

 

Figures 5.5, 5.6, 5.7, 5.8 and 5.9 show the precision results of all techniques for 

the query terms " ontology," "semantic web", "annotation," "social network," and 

"web service," respectively:   
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Figure 5-5 Precision of Four Search Engines for Ontology Query. 

   

Figure 5-6  Precision of Four Search Engines for Semantic Web Query. 
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Figure 5-7 Precision of Four Search Engines for Annotation Query. 

    

Figure 5-8 Precision of Four Search Engines for Social Network Query. 
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Figure 5-9  Precision of Four Search Engines for Web Service Query. 

To calculate recall, we carried out a kind of simulation by estimating recall with 

a new formula. We calculate all the papers returned by all of the search engines and 

their ranking instead of the overall related papers because we do not have all of the 

related papers’ numbers. We provide the recall formula in the following format:  

       WH= 
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                  Where  

                            ri is the average rating provided for paper number i for system 1 

                            ji is the average rating provided for paper number i for system 2 

                            ki is the average rating provided for paper number i for system 3  
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si is the average rating provided for paper number i for system 4 

                            m is the total number of papers   

            

Figures 5.10, 5.11, 5.12, 5.13, and 5.14 demonstrate the result of recall measure 

in a chart of all search engines for the query terms “ontology," "semantic web," 

"annotation,"  "social network,"  and “web service," respectively:   

  

 

    

Figure 5-10 Recall of Four Search Engines for Ontology Query. 
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Figure 5-11 Recall of Four Search Engines for Semantic Web Query. 

     

Figure 5-12 Recall of Four Search Engines for Annotation Query. 
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Figure 5-13 Recall of Four Search Engines for Social Network Query. 

    

Figure 5-14 Recall of Four Search Engines for Web Service Query. 
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In conclusion, it can be maintained that all our three methods, namely REI, 

REII, and REIII are working more effectively than Google Scholar. As the results of 

the questionnaires show, the queries in GATE or Alchemy or their combination have 

different rankings. The reason for such a variation is that when the ontology is 

comprehensive, GATE tends to work better than Alchemy. However, when the 

ontology is not comprehensive, Alchemy has a tendency to outperform GATE. 

Subsequently, if the combination is less effective than GATE and Alchemy, it is an 

indication that one of them is outperforming the other, otherwise the combination will 

be the best.   
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Chapter 6:   

6 Conclusion and Future work 

6.1 Conclusion 

Throughout this study, we have established that recommender systems continue 

to remain effective tools with the ability to prevail over the existing problem of 

information overload by making the most relevant contents available to the end users. 

To enhance their capabilities, semantic web technologies have found a strong 

foothold in recommender systems. This newborn phenomenon has been critically 

acclaimed by experts in the field and promoted by industry in hopes of drastically 

improving the quality of search engines. Despite the praise, there continues to be a 

dearth of analysis on the act of knowledge sharing in an effectual fashion, hence our 

decision as researchers to delve deep into this matter.  

As such, semantic recommender systems which are an improvement to common 

recommender systems make use of a variety of tools including semantic web parts in 

an effort to recommend contents that fulfill the users´ long-term information needs 

and interests. Users’ preferences and past behaviour are utilized through access to 

user profiles in an ongoing effort by recommender systems to predict materials the 

user may be interested in. Despite the advances made in the subsequent field, 

recommender systems continue to fall short of expectations. While existing 

recommender systems set out to use website ontologies to produce valuable web 
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recommendations, we have identified the need for developing a novel semantic 

recommender system with the ability to expand on existing systems.  

In this thesis, we proposed designing a semantic recommender system that 

performs a semantic search and retrieves scientific papers in the field of Computer 

Science. This system finds the main topics of a given document, then annotates these 

topics using ontology-based components. We developed an annotator system with the 

capability to annotate academic Computer Science papers. The two comprehensive 

annotation techniques used in the current study are of Gate and Alchemy. We also 

used semantic-based matching techniques to measure the semantic similarity score of 

the given query phrase related to the main topics of a document and subsequently 

ranked the documents based on these measure scores.  

We developed three different semantic search engines, based on annotation 

system and its corresponding semantic matching components, namely REI, REII, and 

REIII. These systems which are based on GATE, Alchemy, and their combination 

can search over an annotated dataset and find and rank the most relevant documents 

in relation to a given query. REI uses the domain-specific ontology-based annotation 

components and semantic similarity to rank documents based on their similarity score 

in order to accommodate the user. REII applies the LOD-based annotation component 

and the semantic similarity measuring component to rank documents based on 

similarity scores in an effort to provide the related papers corresponding to the query 

term. REIII is built on a combination of annotations provided by the domain-specific 
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ontology-based annotation component and the LOD-based annotation component, 

along with the semantic similarity measuring component.  

In chapter 4 of this thesis, we have provided specific examples pertaining to the 

implementation of all the three aforementioned systems. In chapter 5, we thoroughly 

described and evaluated the performance of REI, REII, and REIII in order to retrieve 

the maximum number of relevant papers. We implemented the proposed system in 

the domain of Computer Science academic papers, and measured both precision and 

recall, and compared our results with Google Scholar.  

 

6.2  Future Work 

As a preliminary study, we were able to work on 100 papers, but any future 

investigation in this realm can expand the repository considerably. Future studies can 

enrich their experience by including a greater variety of topics and papers in the field 

of Computer Science and compare results with that of popular search engines like 

Google Scholar and Bing. Through expanding repositories and including all papers in 

the field of Computer Science, future studies can not only be greatly enhanced but 

also be comparable to real search engines.  

As previously stated in the evaluation section of this study, GATE tends to 

function less effectively compared to Alchemy in some parts. This drawback could be 

due to the fact that our ontology was not comprehensive enough in some areas. Thus, 

we need to have a more comprehensive and satisfied ontology in order to ensure that 

GATE can work as effectively as Alchemy and is able to obtain valuable annotation 
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with a comprehensive ontology. In the current study, we used Alchemy as LOD-

based annotation component, but for future research, the plug-in architecture that 

works with other annotation systems can be utilized. The ability to work with various 

components has the potential to make the system more flexible. In light of the time 

constraints of this study, the scope of the research was considerably limited. 

Nevertheless, the obtained experimental results show that our approach is promising 

and urges further research in a direction that will lead to even greater improvements 

to current semantics-based recommender systems. 
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Appendix  

The following is a sample part of our ontology. We have selected this part of the 

ontology to show the main classes in our ontology: 

<?xml version="1.0"?> 

<rdf:RDF 

    xmlns:rdf="http://www.w3.org/1999/02/22-rdf-syntax-ns#" 

    xmlns:protege="http://protege.stanford.edu/plugins/owl/protege#" 

    xmlns:xsp="http://www.owl-ontologies.com/2005/08/07/xsp.owl#" 

    xmlns:owl="http://www.w3.org/2002/07/owl#" 

    xmlns="http://www.owl-ontologies.com/Ontology1355552455.owl#" 

    xmlns:xsd="http://www.w3.org/2001/XMLSchema#" 

    xmlns:swrl="http://www.w3.org/2003/11/swrl#" 

    xmlns:swrlb="http://www.w3.org/2003/11/swrlb#" 

    xmlns:rdfs="http://www.w3.org/2000/01/rdf-schema#" 

  xml:base="http://www.owl-ontologies.com/Ontology1355552455.owl"> 

  <owl:Ontology rdf:about=""/> 

  <owl:Class rdf:ID="Emerging_technologies"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Hardware"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Computing_or_technology_policy"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Social_and_professional_topics"/> 

    </rdfs:subClassOf> 

  </owl:Class> 
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  <owl:Class rdf:ID="Discrete_mathematics"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Mathematics_of_computing"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Network_components"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Networks"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Applied_computing"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Computing_Classification_System"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="General_and_reference"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Security_in_hardware"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Security_and_privacy"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Data_management_systems"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Information_systems"/> 
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    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Semantics_and_reasoning"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Theory_of_computation"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Probability_and_statistics"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Mathematics_of_computing"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Enterprise_computing"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Distributed_computing_methodologies"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Computing_methodologies"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Network_services"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Networks"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="World_Wide_Web"> 

    <rdfs:subClassOf> 
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      <owl:Class rdf:about="#Information_systems"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Parallel_computing_methodologies"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Computing_methodologies"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Collaborative_and_social_computing"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Human-centered_computing"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:about="#Theory_of_computation"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Software_and_its_engineering"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:ID="network_security"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Security_and_privacy"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Law_social_and_behavioral_sciences"> 
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    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Arts_and_humanities"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Organizations"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Proper_nouns_-

_People_technologies_and_companies"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Electronic_design_automation"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Hardware"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Computers_in_other_domains"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Hardware_test"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Hardware"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Interaction_design"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Human-centered_computing"/> 



 

 

 

104 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Visualization"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Human-centered_computing"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Security_services"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Security_and_privacy"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:about="#Human-centered_computing"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Network_protocols"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Networks"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Printed_circuit_boards_"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Hardware"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Network_algorithms"> 
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    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Networks"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Modeling_and_simulation"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Computing_methodologies"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Computer_forensics"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Software_and_application_security"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Security_and_privacy"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Accessibility"> 

    <rdfs:subClassOf rdf:resource="#Human-centered_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="electronic_commerce"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Continuous_mathematics"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Mathematics_of_computing"/> 

    </rdfs:subClassOf> 
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  </owl:Class> 

  <owl:Class rdf:ID="Integrated_circuits"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Hardware"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Software_notations_and_tools"> 

    <rdfs:subClassOf rdf:resource="#Software_and_its_engineering"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Power_and_energy"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Hardware"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Professional_topics"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Social_and_professional_topics"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Cryptography"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Security_and_privacy"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Operations_research"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 
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  <owl:Class 

rdf:ID="Human_and_societal_aspects_of_security_and_privacy"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Security_and_privacy"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Dependable_and_fault-

tolerant_systems_and_networks"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:ID="Computer_systems_organization"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Document_management_and_text_processing"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Systems_security"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Security_and_privacy"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Real-time_systems"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Computer_systems_organization"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Mathematical_analysis"> 

    <rdfs:subClassOf> 
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      <owl:Class rdf:about="#Mathematics_of_computing"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="User_characteristics"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Social_and_professional_topics"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Document_types"> 

    <rdfs:subClassOf rdf:resource="#General_and_reference"/> 

  </owl:Class> 

  <owl:Class rdf:about="#Computing_methodologies"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Information_systems_applications"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Information_systems"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:about="#Security_and_privacy"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:about="#Hardware"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 
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  </owl:Class> 

  <owl:Class rdf:ID="Information_theory"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Mathematics_of_computing"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:about="#Social_and_professional_topics"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Ubiquitous_and_mobile_computing"> 

    <rdfs:subClassOf rdf:resource="#Human-centered_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Design_and_analysis_of_algorithms"> 

    <rdfs:subClassOf rdf:resource="#Theory_of_computation"/> 

  </owl:Class> 

  <owl:Class rdf:ID="People_in_computing"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Proper_nouns_-

_People_technologies_and_companies"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:about="#Networks"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Software_creation_and_management"> 
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    <rdfs:subClassOf rdf:resource="#Software_and_its_engineering"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Software_organization_and_properties"> 

    <rdfs:subClassOf rdf:resource="#Software_and_its_engineering"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Information_storage_systems"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Information_systems"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Models_of_computation"> 

    <rdfs:subClassOf rdf:resource="#Theory_of_computation"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Formal_languages_and_automata_theory"> 

    <rdfs:subClassOf rdf:resource="#Theory_of_computation"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Network_architectures"> 

    <rdfs:subClassOf rdf:resource="#Networks"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Architectures"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Computer_systems_organization"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Network_properties"> 

    <rdfs:subClassOf rdf:resource="#Networks"/> 

  </owl:Class> 
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  <owl:Class rdf:about="#Proper_nouns_-

_People_technologies_and_companies"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:about="#Information_systems"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Concurrent_computing_methodologies"> 

    <rdfs:subClassOf rdf:resource="#Computing_methodologies"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Computational_complexity_and_cryptography"> 

    <rdfs:subClassOf rdf:resource="#Theory_of_computation"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Cross_computing_tools_and_techniques"> 

    <rdfs:subClassOf rdf:resource="#General_and_reference"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Hardware_validation"> 

    <rdfs:subClassOf rdf:resource="#Hardware"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Symbolic_and_algebraic_manipulation"> 

    <rdfs:subClassOf rdf:resource="#Computing_methodologies"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Information_retrieval"> 

    <rdfs:subClassOf rdf:resource="#Information_systems"/> 

  </owl:Class> 
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  <owl:Class rdf:ID="Mathematical_software"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Mathematics_of_computing"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Human_computer_interaction_-HCI"> 

    <rdfs:subClassOf rdf:resource="#Human-centered_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Logic"> 

    <rdfs:subClassOf rdf:resource="#Theory_of_computation"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Very_large_scale_integration_design"> 

    <rdfs:subClassOf rdf:resource="#Hardware"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Physical_sciences_and_engineering"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class 

rdf:ID="Intrusion_or_anomaly_detection_and_malware_mitigation"> 

    <rdfs:subClassOf rdf:resource="#Security_and_privacy"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Computer_graphics"> 

    <rdfs:subClassOf rdf:resource="#Computing_methodologies"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Companies"> 

    <rdfs:subClassOf rdf:resource="#Proper_nouns_-

_People_technologies_and_companies"/> 



 

 

 

113 

  </owl:Class> 

  <owl:Class rdf:ID="Communication_hardware_interfaces_and_storage"> 

    <rdfs:subClassOf rdf:resource="#Hardware"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Life_and_medical_sciences"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Machine_learning"> 

    <rdfs:subClassOf rdf:resource="#Computing_methodologies"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Network_performance_evaluation"> 

    <rdfs:subClassOf rdf:resource="#Networks"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Embedded_and_cyber-physical_systems"> 

    <rdfs:subClassOf> 

      <owl:Class rdf:about="#Computer_systems_organization"/> 

    </rdfs:subClassOf> 

  </owl:Class> 

  <owl:Class rdf:ID="Database_and_storage_security"> 

    <rdfs:subClassOf rdf:resource="#Security_and_privacy"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Theory_and_algorithms_for_application_domains"> 

    <rdfs:subClassOf rdf:resource="#Theory_of_computation"/> 

  </owl:Class> 

  <owl:Class rdf:about="#Computer_systems_organization"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 
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  </owl:Class> 

  <owl:Class rdf:ID="Formal_methods_and_theory_of_security"> 

    <rdfs:subClassOf rdf:resource="#Security_and_privacy"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Artificial_intelligence"> 

    <rdfs:subClassOf rdf:resource="#Computing_methodologies"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Education"> 

    <rdfs:subClassOf rdf:resource="#Applied_computing"/> 

  </owl:Class> 

  <owl:Class rdf:about="#Mathematics_of_computing"> 

    <rdfs:subClassOf 

rdf:resource="#Computing_Classification_System"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Robustness"> 

    <rdfs:subClassOf rdf:resource="#Hardware"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Randomness_geometry_and_discrete_structures"> 

    <rdfs:subClassOf rdf:resource="#Theory_of_computation"/> 

  </owl:Class> 

  <owl:Class rdf:ID="Network_types"> 

    <rdfs:subClassOf rdf:resource="#Networks"/> 

  </owl:Class> 

</rdf:R/
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