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effectiveness of utilizing semantic knowledge of items to enhance the recommendation quality. It
proposes a new Inferential Ontology-based Semantic Similarity (I0OBSS) measure to evaluate semantic
similarity between items in a specific domain of interest by taking into account their explicit
hierarchical relationships, shared attributes and implicit relationships. The paper further proposes a
hybrid semantic enhanced recommendation approach by combining the new IOBSS measure and the
standard item-based CF approach. A set of experiments with promising results validates the
effectiveness of the proposed hybrid approach, using a case study of the Australian e-government
tourism services.
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*Detailed Response to Reviewers

Detailed responses to reviewers

Reviewer #1:

Comment 1:

Based on my reading of the proposed techniques and the experimental evaluation, my major concern is
on the magnitude of the contribution and the generalizability of the proposed framework to other
domains. The presentation and illustration of the proposed framework seems to be too tailored to the
target domain. It is difficult to judge the difficulty/simplicity of extending the framework to other domains
and the authors did not make any effort on this front throughout the paper. As the authors stated in the
paper, the novelty of their proposed work lies in the IOBSS which deals with complex relationshipsin a
specific domain ontology. For this, they introduced a new inference mechanism - "associate networks'.

Considering this, | expect the authors to provide more discussion on the practical scope, conditions, or

constraints for extending their framework to different domains.
Response:

Although the new IOBSS measure, related terms and calculatoedure were validated using a case
study in the old version, the terms and the inference mechafiime proposed measure can be used in
any domain as long as the domain ontology is available. In othrdswor any given domain of interest,
if the domain knowledge can be modelled and formalized as an onttkaggteps of calculating the
IOBSS measure (as illustrated in the sub-section 3.4, revisesion) can be followed to find the
semantic similarity of any pair of instances using the IS9B&asure. Therefore there is no limitation to
the practical scope for extending the framework to differentailesn However, since the IOBSS measure
aims to capture both the direct relationships and implicitioglships to compute semantic similarity
between any pair of available items in the considered domdhe diven domain ontology has no much
implicit relationships, the effects of using the IOBSS measuredvaot be significant.

Based on the expectation of the reviewer, a new sub-sectignr(&ri@ed "Concerns about computational
feasibility and flexibility", is added to the revised sien to discuss the generalization issue of the
proposed SBCF-IOBSS approach. See page 31 of the revised version.

Comment 2:

It would be useful first to present a general formalization of the proposed method and then provide

illustrative example using the contents of the target case study. The mixing of the examples and the formal



representation of the steps in the proposed approach makes it difficult to judge the generalization as well

as computational complexity of the proposed approach.

Response:

Thanks for the suggestion. We have followed the reviewer’s suggessepdoate the examples from the

formal representation of definitions and the proposed approaatedbyucturing the content of some

sections, particularly the sections about the IOBSS meamudethe target domain, to make the
description more general. The main changes that have been made aes listkxivs:

(1) We have separated the new semantic similarity measumeldted definitions and terms from the
examples of the target domain and the explanation of tgettdomain ontology itself. Regarding
this, a new section has been added to the experimental validaiimisection 5.1, named "A case
study: Australian Tourism e-government service". Details caourelfon page 24 (revised version).

(2) Section 3 of the old version has been removed except the cohtmt-section 3.1. The sub-section
3.1 was restructured, expanded and combined with Section 4 (IOB®$ old version) to form
Section 3 (revised version) to present the concept of the IOB&Sure, its related terms and
definitions and its algorithmic procedures of calculating temastic similarity. Due to these
changes, some modifications have been done as listed below:

- Figure 3 in page 13 (old version) is deleted.

- Figure 4 in page 15 (old version) is deleted.

- Figure 5 in page 16 (old version) is deleted.

- The examples that were presented in Section 4 (on pages 12-16¢ wdrsion) are also
deleted. .

- Egs. (1) and (2) on pages 19 and 20 of old version, respectisalg been merged into one
Equation, Eq.(1) on page 13 (revised version) to avoid extra explanaticording to this
change, some text in page 21 (old version) has been shortened and updated. Thaextange
has been highlighted as shown in pages 12 and 13 of the revised version.

- The mentioned example on page 23 (old version) has been updated to lyEenwed, see
page 14 of the revised version. Also, the updated Eq. (1) of weahbt faas been employed

to calculate the weight factor of the compared two instarimasele,(,Jz;41 )" Please refer to

page 15 of the revised version to see the changes
- The first paragraph in Section 4.3 (page 27, the old version), is updatélgeagxbhmple is
deleted. Detailed changes can be found in Section (3.4), page 18 of the rexssaul v



- Table 3 and Table 4 (Sub-section 4.3, old version) are deleted. Wietdweed to mix
between examples and the procedure steps of the calculating I9&&8re, as can be seen
in sub-section 3.4 (revised version).

- The Section (4.4) on page 30 of the old version is deleted. Thentaftéhis section is
moved to the Section 5.6 in the revised version.

(3) Section 5 (page 30, old version), the beginning of the first pgphgis updated to reflect the
generalization. Please refer to Section 4, page 20 (revised version).
(4) Figure 8 (Section 5, page 30, old version) is shortened. Pleaseae$ection 4, page 21 (revised

version).

Regarding the computational complexity, an analysis of the comgnaaitomplexity of the proposed
SBCF-IOBSS approach is added to the revised version, detailsecéound in Section 4.2, page 23

(revised version).

Comment 3:

Key parameters that define the size and complexity of the problem and the proposed approach need to be
identified and discussed. Thisis particularly important in the definition of "associate network" (Definition
3) and "Common Associate Pair Set" (Definition 4), which represent the main contribution of the paper.
The authors need to provide a more general representation of the complexity involved in these steps.

Response:

Thank for the reviewer's suggestion. We have followed thigestipn to add a separate section that
identifies the size of the problem and discusses the comptiXitgth the IOBSS measure, including the
associate network and Common Associate Pair Set, and the prdpdsed SBCF-IOBSS approach.

Please refer to Section 4.2, page 23 (revised version).
Comment 4:

Related to the above point, the authors stated that "with regard to the computational complexity of the
new hybrid approach, it is evident that the calculation of semantic similarity is conducted offline and
updated only when new instances are entered to the system’. | disagree that this justifies the absence of
any evaluation or discussion in the paper on the computational complexity of the proposed approach. |
believe there are parameters that raise issues on complexity even if this this is done offline. For example,
in the target experiment, the user-item rating matrix of 400 users and 500 tourism items was used. How

does the size of this matrix affect the feasibility of the proposed approach in practice? Can the practical
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size of this matrix have any implication on the density/sparsity and eventually on the prediction

accuracy?

Response:

Thank the reviewer for the suggestion. We have followed tlgjgestion to add to a separate sub-section
to present the computational complexity analysis for the propogedambh. Detailed can be found in
Section 4.2, page 23 (revised version).

Lastly, in regards to the density/sparsity of the user-itaatrix) it does affect the prediction accuracy.

This issue has been addressed in the sub-sections (5.5.2) and (5. 7okt version of the paper.

Comment 5:

The magnitude of the performance improvement over the comparison approaches needs statistical
confirmation. The authors claim "significant" and "substantial” improvement in performance over the
comparison approaches. However, as the figures show (Figs. 9, 10, 11 and 12), the performance
differenceis not that significant (except for the item-based CF). It would be useful to provide some sort of

statistical confirmation.

Response:

Thank the reviewer for the suggestion. We have followed s$higgestion to apply a statistical
confirmation, using t-test measure, to the conducted experin@rdsnfirm the improvement in the
performance of the proposed approach over the competing approachegatidtieal confirmation is
added to all sub-sections of the experimental results and Hitgdigas can be seen at Section 5.5 and its
sub-sections 1- 3), revised version.

Comment 6:

It appears that the choice of the semantic combination parameter (alpha) can mitigate the cold-start /new
item problem if more weight is given to the ontology-based semantic similarity. This may be seen if a
higher combination parameter than the optimal (from the sensitivity analysis) is used in the experiments
conducted to evaluate the effectiveness of the method on the cold-start /new item problem. Please

comment on this.

Response:



The semantic combination parameterspecifies the weight of IOBSS in the combined similarity. The
higher thea value is, the heavier the ontology-based semantic simiiaritye combined similarity. For
handling the cold-start/new item problem, we only consider the ontolagdbsemantic similarity by
setting thex value to be 1, because for the new items, the CF basddrgymannot make prediction.
The changes made have been highlighted in the sub-Section 5.5.3 (revisag.versi

Comment 7-1:
Overall, this paper is very well written and its objective and contribution is clearly stated.

Response:
Thank the reviewer for the comment.

Comment 7-2:

The paper also presents the proposed method and experimental evaluation clearly within the defined
setting. However, the scope of the paper and the presentation of its proposed framework as well as
experimental evaluation need to be expanded in order enhance the magnitude of its contribution and

show its generalizability to different domains.

Response:

Based on the reviewer's expectatiolye have also added more explanation about the
generalizability of the proposed approach by emphasising the folloagpgcts (i) a formal
presentation of the proposed approach and similarity measureé&agpiesented in the revised
version (Section 3 and Section 4); (ii) an analysis of the comiputaomplexity of proposed
approach is presented in the revised version (Section 4.2) to demontteafée=ibility and
feasibility of the proposed approach to be applied in different donm@ipsn illustration of the
proposed approach using a case study confirm its effectivenass aisrelated statistical
measure, as can be seen in Sub-section 5.1 and the Sub-section mSeWw3ub-section (5.7)

is added to the revised version to emphasise the feasibility aribility of the proposed

approach.



Reviewer #2

Thisis an interesting study. It related to DSS closely. The problem about this study is on presentation. It
goes too details sometimes and misses the focus of the study. My understanding is the core of this study
has two aspects: recommendation system and semantic-rich approach. Thus, | suggest some minor
revisions to be made:

Comment 1:
Abstract needs to be rewritten. It does not help a reader to get a good picture about the study before
getting into the details.

Response:
We have followed the reviewer’s suggestion to re-writeahstract to reflect the contributions of the

paper, details can be found on page 1 of the revised version of this paper).

Comment 2:
Literatureisfine.

Response:
Thank the reviewer for the comment.

Comment 3:
Section 3 isfor experiments. It should be simplified to one sub-session and move to somewhere near the
experiments.

Response:
Thank the reviewer for the suggestion. We have followed thggestion to simplify the Section 3 (old

version) and shorten the extra explanation and examples. Some examplégures have also been
removed. In addition, a new sub-section, sub-Section 5.1, named dsé& study: Australian e-
Government tourism service ", has been added to Section 5 (reeiséoh). The sub-Section 6.2 (old
version), which talks about dataset, has been moved t&extipn 5.1 (case study subsection in the

revised version). Details can be found on pages 24-25 (revised version).

Comment 4:
Section 4 is the core of this study. It needs to clearly describe a methodology that is general enough for
applying to other domains. Section 4.3 is too tedious. It needs to be simplified. Many examples are not



necessary. Section 4.2 and 4.3 are the core of this study. It can be combined with session 5 into a new
session.

Response:

Thank the reviewer for the suggestion. We have taken this stimyeanto consideration while we
addressed the similar comments made by reviewer #1. Pléas¢orthe responses of the comment 2 of

reviewer #1.

Comment 5:
Section 6 is good. It demonstrates the model by comparing with three others. But again it is too tedious
sometimes. For examples, tables 5 and 6 are not necessary.

Response:

We have addressed the reviewer's comment by rewriting o8 to make the content clearer. The

changes made are listed as follows:

- The experimental dataset presented in Section 6.2 (old versiexpasded. Some important text
in Section 3.2 (old version), was moved to Section 6.2 (old veraimhhighlighted. The updated
text of the experimental dataset then added to the case study sulsdciiotine revised version.

- Section 6.4.1 and Section 6.4.2 of old version are deleted. Some impextan both sections is
added to sub-Section 6.4 (old version), named "determinatiexpefimental parameters". Then,
6.5.1which talks about the sensitivity of parametehas been shortened and added to the
"determination of experimental parameters" sub-section 6.4ufdeted content of section 6.4
has been highlighted in the revised version of the paper and benesinas Section 5.4 (page 27
in the revised version). Additionally, some text in both sectAs3 and 6.4.2 (old version) is
added to Sections 6.5.3 and 6.5.4, which have been renumbered as Sections %23 and
respectively in the revised version of the paper. The changes hligtied. Please refer to pages
28 and 29 (revised version).

- Section 6.5.3 in the old version, is revised to make the ideal@ilating the improvement in the
MAE clearer. Eg. (19) was also deleted as it is not necessarynerii®mned. The updated text is
highlighted as shown in Section 5.5.2, page 28 (revised version).

- Section 6.5.4 in the old version is revised. Fig. 12 has been remaserasbat was mistakenly
inserted in the old version. Regarding to the new item problem, siademh-based CF approach
and the CFO approaches cannot make prediction for new items, omisoffesed SBCF-IOBSS
and the SECF approaches are considered in the evolution. The upsktechd figure are
highlighted in the sub-Section 5.5.3, page 29 of the in revised version.



Tables 5 and 6 in the old version are removed, refer to Segtioh, page 27 of the revised

version.

To make the experimental results clearer, the colours ske#s in the plot area were changed,
as shown in sub-sections 5.4, 5.5.1 to 5.5.3, please refer to these sectiems\viséd version.

The discussion of the experimental results (Section 6.6, oldomgiisi revised to emphasise the
features that make the new approach effective and feasibhchieving better performance

particularly when dealing with sparsity and cold-start ifgwblems. Please refer to Sub-section
5.6 to see the highlighted section, page 31 (revised version).

Lastly, the conclusion is revised to remove the points that haredraphasised in other parts of
the paper, refer to Section 6 in the revised version.

In addition, to meet the requirement of page numbers, the following changdsdeavemade:

Tables 1 and 2 are merged into Table 1, page 11 (revised version).

Section 3 is revised to be shorter.

Tables 3 and 4 are removed.

Sub-Section 5.4 is revised.

The sub-section 5.5.1 is removed. Some of its content is moved to sub-section 5.4.

A few reference papers are removed.



Highlights (for review)

A Semantic Enhanced Hybrid Recommendation Approach for E-
government Tourism Services

e The paper proposes a hybrid semantic enhanced recommendation approach by incorporating the
semantics of items into the standard item-based collaborative filtering approach for better
recommendation in E-government domains.

e This paper further proposes a hew ontology-based semantic similarity (OBSS) measure between
ontological instances based on a domain specific ontology, which can be used in the above hybrid
recommendation approach. This OBSS measure takes into accounts the explicit hierarchical
relationships, shared attributes and implicit relationships of two ontological instances so that it is
more expressive than the existing similarity measures.

e This paper also presents a number of new concepts, including Common Associate Pair Set of two
ontological instances to support the OBSS measure.

e This paper finally illustrates the effectiveness of newly proposed hybrid approach and semantic
similarity (OBSS) measure using a case study of Australian e-government tourism services,
within which the approach has been compared with three competing approaches including two
advanced semantic-based recommendation approaches. The experimental results show that the
newly proposed hybrid approach outperforms all the competing approaches in terms of
recommendation quality and ability to address the cold-start and sparsity problems.
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A Semantic Enhanced Hybrid Recommendation Approach: a Case Study of E-government Tourism
Service Recommendation System
Abstract
Recommender systems are effectively used as a personafichation filtering technology to
automatically predict and identify a set of interesting itemsehalf of users according to their personal
needs and preferences. Collaborative Filtering (CF) approactonsnonly used in the context of
recommender systems; however, obtaining better predictiomeagcand overcoming the main limitations
of the standard CF recommendation algorithms, such as sparsiyolaikstart item problems, remain a
significant challenge. Recent developments in personalizatioreanthmendation techniques support the
use of semantic enhanced hybrid recommender systems, which naterpmtology-based semantic
similarity measure with other recommendation approaches tovwapghe quality of recommendations.
Consequently, this paper presents the effectiveness of utieimgintic knowledge of items to enhance
the recommendation quality. It proposes a new Inferential Ontologdlfasmantic Similarity (IOBSS)
measure to evaluate semantic similarity between itens s$pecific domain of interest by taking into
account their explicit hierarchical relationships, shargdbates and implicit relationships. The paper
further proposes a hybrid semantic enhanced recommendation approacimbbgitng the new IOBSS
measure and the standard item-based CF approach. A set omexpe with promising results validates
the effectiveness of the proposed hybrid approach, using a taseas the Australian e-government

tourism services.

Keywords: semantic enhanced recommender systems, collaborative filtegnggnic similarity, e-

government tourism services.
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1 Introduction

Recommendation systems (RSs) are known as the most popular appicdt\Web personalization. The
RSs aim to provide users with personalized services or produttarthaelevant to their needs and
interests. Recent research studies show that existing persdnafitieae services adopt several RSs
approaches. These approaches are classified into four main categuwieding content-based (CB)
filtering, collaborative filtering, knowledge-based filtering ahglbrid recommendation [1, 10, 40].
Although the CB filtering and CF approaches are the most populardticataapplications, both of them
suffer from several limitations [23]. For instance, the CRBeffihg approach tends to result in
overspecialization in which the diversity in the recommendation resultsualy vanishes [35], while the
CF approach suffers from the data sparsity problem which occurs tliberatings obtained are few
compared to the number of available items. Moreover, both the @Birfgtand CF approaches have
difficulty offering accurateecommendations for new items as there is usually littldadlaiinformation
about new items.

On the other hand, hybrid recommendation approaches, as a combination of twareor
recommendation approaches, have been proposed to overcome the main linufatiadisional
recommendation approaches and improve the quality of the recommendateved {ff 11, 35].
Most of the existing hybrid recommendation approaches combine conventieragppfoaches
with other approaches such as CB filtering, since CF approachgeraelly known to be the
most promising approaches in the recommendation systems domain [1, 23het8].h@s been
considerable research into the hybridization of CF-based algorithth$mgprovements on the
prediction accuracy have been made [11, 12, 45, 50]. However, obtaining bettietiqgre
accuracy and overcoming the main limitations of the standard @frmeendation approaches
remain open challenges, as no cure-all solution is yet availablenanyg research studies have
been working on solutions for each of the CF limitations [12, 45].

These challenges, combined with the increasing popularity of senvesitidechnologieshave

inspired a growing interest in semantic enhanced recommendation @pmsodhese approaches mainly

incorporate the semantic knowledge of users and/or items withinret@mmendation process of



conventional CF-based algorithms to accurately evaluate giymil@f items and to enhance
recommendation accuracy [8, 36]. Most of these approaches rely antgekmowledge extracted from a
target ontology that includes the direct hierarchical (i.e. taxarad)nielationships of items and/or their
shared attributes. However, evaluating the similarity of iterimited since ontological relationshipbat
connect the available items in a target ontology are not ushaaigied very well [7, 25, 26, 33, 44]. Such
relationships may include complex relationships between instances (i) ifeam consist of two or more

relationships [3].

Even though progress is being made in developing efficient deatdégr estimating the semantic
similarity of items in semantic enhanced recommendation systhimsvork is still in an early stage and
more research is needed [3, 8, 13, 15, 25, 44]. This observation, combihatieviipecific features of
service items (e.g. services are multi-relation and highly inteedBl&t a specific domain, such as services
in government, has motivated the research presented in this papexq@ntly, this paper presents two
contributions (i) it proposes a new IOBSS measure to evaluate the mesimailarity between instances in
specific domain ontology and (ii) it develops a new semantic eetdamgbrid recommendation approach
that combines the new semantic similarity measure and thebdsed CF to generate accurate

recommendations.

The effectiveness of the new semantic-based hybrid recommamdatproach has been validated through
a case study of the Australian e-government tourism service. It astiighdy effective results in terms of
prediction accuracy of generated recommendations and in alleviitiagparsity and cold-start new item

problems.

The rest of the paper is organized as follows. Section 2 prebentslated work. Section 3 presents the
concept and calculation procedure of the new IOBSS measure witlustnative example. Section 4
presents the new semantic-based enhanced hybrid recommendation appsoaabrkfiow and its
computation recommendation procedure. An experimental study of the new Ihgboichmendation
approach, in the context of recommending e-government tourism serigcélustrated in Section 5.

Finally, Section 6 concludes the paper and highlights potential future work.

! Ontological relationships refer to semantic assimria that link instances, examples of such retafigps can be seen in object
properties in OWL. Links between instances thasirof two or more relationships represent compddationships.
2 Henceforth, item and instance are used interctenige



2 Related work
This section reviews the literature related to this studyudtiiety semantic-based similarity and semantic-

based recommendation systems.

2.1 Semantic similarity approaches

Computing semantic similarity among ontological concepts withrdsg® their positions in a particular
taxonomy has been studied in the last decade. Semantic [5, 42arisjn@ipproaches can be classified
into three main categories, namely (i) distance-based approaghésfo(mation Content (IC) based
approaches, and (iii) hybrid approaches.

Distance-based approaches measure the similarity between canceppecific taxonomy according to
the distance/edge length between concepts. One of the most weli-klistance-based measures is the
shortest path-based approach, where the shorter the path between tegis;ahe more similar they are
[37]. Generally, distance-based approaches are highly dependent on tinectionsof the taxonomy [5,
41]. The main drawback of these approaches is that they considénrgtetges in a taxonomy structure
represent uniform distances.

The IC-based approaches compute the similarity between two cobesets on the extent to which they
share information; the more information two concepts share in comhmmadre similar they are [38].
These approaches avoid the unreliability of edge distance measatesédhey require less information
about the structure of a taxonomy. According to Resnik [38], the IC oftwoepts can be measured with
respect to the IC of their least common ancestor in a sp&dnomy [38]. Lin [27] enhanced Resnik’s
IC measure based on the assumption of commonality information, igmnierity between two concepts
relies on the extent to which they share information. Based on Lssisngtion, the IC value of two
concepts can be measured as the IC of compared concepts themmsabldition to the IC of their least
common ancestor [27]. The IC-based approaches obtain the IC valwemasfpts by combining the
knowledge of the hierarchical structure of concepts with stistn their actual usage and are usually
computationally expensive. Seco et al. [41] proposed a wholly intmmsésure for computing the IC of a
specific concept. The new metric depends on the hierarchal striceureaxonomy) alone without the

need to involve statistics [41].



The hybrid semantic similarity approaches combine the featuredgefbased and IC-based approaches,
with the aim of producing more accurate similarity measure 32242, 47, 49]. For instancéiang &
Conrath [22]developed a hybrid model that uses the IC-based approach to enhanceat=e-diased
approach. Their approach takes into account the factors of local dewslty depth and link types [22].
Recently, Seddiqui & Aono [42] proposed a hybrid similarity measurehadombines the intrinsic 1C-
based approach presented by Seco [41] and the content of concepts (@tarioutelations). Their new
measure is used to compute similarity between concepts for thespuof partitioning a large taxonomy
of ontology.

All the aforementioned approaches are mainly designed for cominnigrity between concepts based
on the relative positions of concept nodes in a semantic nétj6rk39], with some exceptions, as in [42]
and [30]. The semantic similarity measures presented in [42][20]dcompute similarity between
concepts in the ontology environment. Unlike semantic networks [32}evdomcepts are only linked by
“is-a” relations, ontologies are more complex and concepts amedefiith sufficient datatype properties,
object properties, restrictions, etc. The knowledge of content trébudés and relationships can be
regarded as crucial information for identifying concepts and cgnifisiantly influence similarity
estimations between concepts. Therefore, existing semantic riymiteeasures which are designed for
semantic networks can be difficult to apply to ontologies, as theyotaapture the semantics represented
in ontology. Although some studies consider the content of knowledge ofptentor similarity
computation, they only focus on explicit relationshipsd pay little attention to content knowledge,
including the attributes and indirect relationships between concepi$,[22]. Accordingly, this study
adopts a new approach to estimate similarity between ontolog&tahces based on rich semantics that
can be captured from ontology by taking into account not only the it@ersirchal relationships but also
their ontological relationships. Moreover, a new IOBSS measymijmsed that can be utilized in this

study to improve recommendation accuracy.

® Semantic network is a graphic notation for repnéiag knowledge in patterns of interconnected nqdes concepts) and arcs.
A typical example of a semantic network is WordNet.

4 Explicit relationships refer to taxonomical (itéerarchal) relationships of instances and théiitaites, such relationships also
called direct relationships.



2.2  Semantic-based recommendation systems

Ontology is considered to be a knowledge base that enables systéntsrpret, process and share
information effectively [4, 29]. The merit of ontology lies in #@bility to provide a clear conceptual
description of relationships between entities (i.e. concepts) incfispomain. Ontology aims to support
the rich variety of semantic relations among entities ipexific domain, which in turn distinguishes it
from other types of representation, such as keyword-based representation [4]

Semantic-based recommendation systems have recently been devblipaake use of semantics based
on ontology and semantic reasoning in the recommendation process txalbgdifiprove the similarity
estimations used in traditional CB filtering and CF approaches [36kdBan a broad literature review, the
incorporation of semantic knowledge that is formalized in the fafmontology with CF-based
recommendation approaches can be summarized into three catdg@oinesrporate semantic knowledge
of considered content (i.e. items) with the traditional item-basedagproach [33]; (ii) incorporate
semantic knowledge of items with the user-based CF approach [131,2483, 48], and (iii) combine the
user-based CF approach with the semantic enhanced CB filtering approach [7].

Two existing hybrid recommendation approaches that use semantiargymitith the traditional CF
approaches are closely related to this study: (i) a semanteragianced collaborative filtering (SECF)
approach proposed by Mobasher et al. [33] and (ii) a collaboratigeirfgt with ontology-based (CFO)
user profiles approach proposed by Sieg et al. [44]. The aforementippezhehes resort to semantic
knowledge of items to improve the prediction accuracy of the stai@a recommendation algorithms, as
well as to deal with the sparsity and cold-start new iteroblpms. However, these approaches use the
semantic knowledge of items that is extracted from item gers (including datatype and object
properties), as in the SECF approach, or hierarchical relatiorahiiesns, as in the CFO approach. Even
though the use of semantic knowledge has improved the recommendatioss pbtiee aforementioned
approaches, this source of knowledge is limited and not informatitheievaluation of instances since
ontological relationships between instances are not usually handled vefy,wél| 28, 48].

This paper proposes a new semantic-based enhanced hybrid recommengatiachathat combines

item-based CF similarity and an inferential ontology-based s&msintilarity measure to improve the



prediction accuracy of recommendations. Details of the new apprdldievpresented in the following

sections.
3 Inferential ontology-based semantic similarity

This section first introduces an ontology model and definition, and thenliesthe proposed inferential

ontology-based semantic similarity measure.

3.1 Domain ontology model

According to Gruber [17], an ontology is a formal representation ofwibed. It defines a set of
representational primitives that are relevant for modellirdp@ain of knowledge or discourse. These
primitives typically consist of a set of concepts or entitiéthin a domain, relationships among these
concepts, and attributes that distinguish each concept [17]. A forfivdtida of an ontology structure as
introduced by Maedche & Zacharias [33] is given below:

Definition 1 (Ontology): An ontology structure is a six-tup0 :=< C, P, A, H¢, prop, att >, whereC
represents the concept set define@jrP is a set of relationships defined@ each(p € P) has a domain
and range which are at least one concept of th€;skis a set of attributes defined @ H¢ is a directed
transitive relatiorH® c C X C which is also called concept taxonorH¢(c,, c;) meansc, “is-a’ ¢;, orc,

is a sub-concept af;; prop is a function, i.eprop: P - C X C, that relates concepts non-taxonomically,
e.g. the functiorprop( p;) = (¢4, ¢c;) means that the concecyis related to concef, throughp;; and

att is a function, i.eatt: A - C, that relates concepts with literal values such as siriteger, boolean,
etc.

In a domain ontology, concepts are linked through two kinds of relationdbips.is the asserted
relationships which are direct relationships between ontological ptndbat are defined by the
developers of the ontology This kind of relationships includes (i) #ixenbmical or hierarchical
relationships, denoted ktH¢ as defined in definition 1; (ii) the the associations between can¢em.
object properties) and (iii) the attributes as special reldtipa®f concepts (e.g. datatypes). The other type
is the implicit relationships (i.e. inferred) which are the indimelationships obtained through reasoning

the asserted relationships [20]. Furthermorgology also includes instances of concepts, referred to



as ontological instance®ased on the relationships between concepts, the relationships between
instances will be automatically established when the instaneednsatantiated from corresponding

concepts.

3.2 Termsneeded to definethe new semantic similarity measure

This section first introduces some terms that are needed tobdete new semantic similarity
measure, including an associate relationship, an associate otanc@sn associate network of
an instance and the common associate set of two instances, and seatsptee IOBBS measure.

Lastly, the IOBSS calculation procedure is presented using an illuseatweple.

Association

Definition 2 (Association): Association is a link between two ontological instances thrauglobject
property. Two instances are associates if they are linked thragibject property in a given OWL
ontology.

An association has three features: (i) self-determination,one.,instance is an associate of itself, (ii)

reversibility, i.e. if/, has an association wil,, via an object propertyp, denoted al, 2 1, I, will have

: . - op~! e : . :
an inverse association wil,, denoted al,, — I,.; and (iii) transitivity, i.e. for a given instanl,; if an

instancel, is an associate I, which is an associate I, then this instancel,) is also an associate of the

given instancel,). In other words, an associate’s associate is also an associate.

Associate network of an ontological instance
The associate network of an instance is a network of instamaearte directly or indirectly linked with

this instance through its object properties (i.e. associations).

Definition 3 (Associate Network): An associate network of an ontological instardigein regard to
ontologyO (I, < I) is defined as a four-tuple, denoted4asN, : < Iopq, lepz, OPC, Closeness >, where
Iep1, lepz © I are two sets of instances whose elements are associateghttubject propertiesOPC =

{op¥ |k € [1,N],i € [1,Nk, |} is a collection of object properties that form the associateonletof I,

wherek indicates how far an instance from the root instance in the tiical tree,op¥ is thei™ object



property ak™ level of the associate network igf N(ﬁ‘px is the number of distinct object properties atkhe
level; N is the maximum number of associations in the associate chalipisanfdCloseness c R is a set

of real numbers indicating how close an instarjljg C lgpy (kE[LN], P E [1, Nopx] JjEI1, an 1) is
to the root instance in the hierarchy of associate netwdgk where N/ ; is the number of instances that

are introduced by the object propesty at thek™ level.

Closeness 0 x’@‘\\ opx
PR < ~9Px,
Opxl ‘/,’ ,r I ~ -
- Opxz ,’, Opxz’f OPX3\ Opx3 N .
Closeness 1> ‘
\Opx4

op? \
% px%/ Opxz ’ Opxz \ Opx3 \Opx4 ‘
Closeness 2—> ‘ .
© ‘b‘ Q
0px1/ ’ opr ‘ \Opxl
Closeness 3» ‘ ‘ ‘

Opxl

Closeness 4»

Fig. 1. The associate network of instance I,

An associate network can also be represented as a tree stinactthich a node represents an instance, an
edge represents an association (through an object property), twdydirded nodes are associates of

each other, the edge sequence that links the inst}é;]]cdepz from the root instancg, is the associate-
chain. The length of the associate-chain represents the depth ubméilg in the tree hierarchy and
determines the closeness of instadil:jeto the root instanck,, Wherel,’fl.j denotes th¢t" associate of, at

level k. Figs. 1 and 2 illustrate the associate networks (in traetste) for instances, and [,
respectively.

To describe an associate network of an instance, we introduce some symbols ¢éntrépegastances and

object properties.



For the associate network bf, AssN;_in Fig. 1, we have the maximum closeness leigls- 4, op,’gi is

thei™ association (object propriety) at tke closeness level,= 1,2, ..., NX, , whereN%, is the number

of object properties at tHé' closeness level, ari{;{ij for thej™ associate of, at thek" closeness level that

is introduced by the associatiapX,, k € [1,4], i € [1,N&, |.j € [1, N ;]. For example, the instance
IZ,, indicates that this instance is an associaté, ot the closeness level 2 and it is the second associate

introduced by the object propeﬂpxzz.

Closeness 0 @
Opyl e h

I \\ 0 1
o opy2 Py3
Closeness 1» ‘ ‘ ‘
OPYZ / Opy4 OPYS
Closeness 2» ‘ ‘ “ b
ole Oph Oph

v CDCE

Fig. 2. The associate network of instance I,,

For the associate network Bf, AssNp, in Fig. 2, we have the maximum closeness leMgls- 3, opk is
thei™ association at thid” closeness level,= 1, 2 N;‘p : whereNé‘py is the number of object properties
at thek™ closeness level, arigjij for thej"" associate of, at thek” closeness level that is introduced by the
associatiomp},‘w kel[1,3],,i€ [1,N§py],j € [1,Nl-’§151i]. For example, the instanv;é11 indicates that this
instance is an associate Ipfat the closeness level 3 and it is the first associatedinted by the

associatiompy, .

Table 1 lists the parameters, as defined in Definition 3, forweassociate networks of, and I, as

shown in Figs. 1 and 2.



Tablel

Parameters of the associate networks of instances I, and I,.

Root 5 Nk, k€ [1,N]
instance Nx [Tep2| |oPC| ke[l N] i€[1,NE ]
N’;px OPQ‘ N{'(ns,i
i=1 1
1 4 i=2 2
i=3 2
i=4 1
2 4 i=1 1
I 4 19 11 = =
i=3 1
i=4 2
3 2 i=1 3
i=2 1
4 1 i=1 1
Root N%, k € [1,N]
instance Ny |Ie”2| lopc] ke ITN] i€[1, N’;py]
k Nl;py Opg‘ Nécns,i
3 i=1 1
i=2 1
i=3 1
I, 3 12 9 2 ° =1 1
i=2 1
i=3 1
i=4 1
i=5 1
3 1 i=1 3

Based on Definition 3, we can extract the features of an associate network eédaoeisas follows:

1)
)

®3)

(4)

(®)

If I, has no object property, its associate network is itself.

There exists a functiodssF¥ that can retrieve the direct associates of all instarresigh op,’fi,

i € [1,N§px], at a closeness levklin a given ontology. All these associates become instancks at t
level (k + 1).

At thek™ closeness level, if the number of instancegs’, ., and their numbers of object properties

are qumPropX, numProp%,..., numPropl’fmmk ), then the total number of object properties

inst
(ZNumk
i

inst numProp{‘) is the number of the instances at the Ig€¥et 1).

An instancel,’c‘l.j is in the associate network of instaricaf and only if this instancel,’(ij) is the root

instance () or an instance that has an association with another instance in the network.

Each associate of an instance, 35‘1)” has one direct predecessor which introduces it into the

associate network of root instanck Y through an object property. It may have a number of indirect

® Operator | | denotes the cardinality of a setthi&number of elements in a set.



predecessors depending on its closeness level. An inslf%ncéor example, is an associate at the

closeness levet, has(k — 1) predecessors, which is denotedsbg)Asslqk , whereq is the level
xL-J-

number < q < k.
(6) If an associatiomp,’fi, Whereopjfi € OPC of AssN;, is in the associate network, its reversed

association must be excluded from the network to avoid an infinite loop.

Common associate pair set of two ontological instances

Definition 4 (Common Associate Pair Set): A common associate pair set of two ontological instances

I and I, i.e.CAPSet,x,y, is defined as a set of associate pairs that satisfy the following condffjahs

first and second elements of each pair are instances fromstingade networks df, and I,,, respectively;
(i) the two elements of each pair have the same closeneds (id) the two elements of each pair are
introduced into the corresponding associate network by their directcpssdes through the same object

property; and (iv) the direct predecessors of the two elemeathfpair must be a pair in tﬂAPSet,x,y.

Them" individual element in th€APSet,,, , is denoted by,,= (I¥ ., Iy, ), wherew € [1, Nf0,] and

Xwi’ "y
chomop is the number of common object properties at the closenesklgvbbth associate networks of

I, and I,; I¥ = represents thé" associate at th" level in theAssN; , which is introduced into this

wi

network through an object propertyy. , while Ialfw,- represents th@" associate at the" level in the
AssNy,, which is introduced into this network through an object propepﬁ;a, i €1, N,ﬁ‘w] andj €

[1, N}’fw] with wa and Nj’,‘w being the number of instances introduced by the common object property
opl (opl, = op§ = opk ) at the closeness leviein the associate networks &f and I,,, respectively.

The predecessor of thd" element in theCAPSet,x,y is a pair of associates that introduces Ibvgi and

I,ISW]. instances intadssN, and AssNy,, respectively, through the common object propespf, and is

denoted byupAss/; '

xwi'I3,’cwj
As shown in Figs. 1 and 2, given tlopy, andop;, are common object properties between the instances

11

X11

and thel;, , the pair Iy, I ) is an associate pair in t'CAPSet,x,y because of the following factors:



(i) I3,,and 1} is from the associate networks I, and I, respectively, as shown in Figs. 1 and 2; (ii)
they have the same closeness lek = 1; (iii) they are introduced into the corresponding associate
network via the same object propeop,%1 = op},l, and (iv) the associate pz(lx,ly), whose elemenil,,

andl,, are the direct predecessorsl,%11 andl},11 respectively, is an element in I'CAPSet,x,y.

Weight Factor

Each element (i.e. associate pair) in thePSet,x,y has a weight factor that indicates how much the

similarity of each element contributes to the semantic similarityeofwo given instancdg and I,,.

Definition 5 (Weight Factor): A weight factor for then™ element in theCAPSet,x,y, denoted a#,,, is

defined as follows:

1<1 1 1 leaf nod

= —k*—*—) non — leaf nodes

= 3\3t ¢ C ' @)
1(1 1 1) ; d
S\3E*7*C eaf nodes

wherem € [1, M] andM is the number of elements in tﬁﬂPSet,x,y, k is the closeness level of thd"
element£ andC are two parameters.

The rationale behind treating the weight factor of the givBrelement in theCAPSet,x,y differently, as
defined in Eq. (1), is that the leaf nodes have no further object pesptstbe evaluated, so thahet
weight of leaf nodeso the similarity is influenced biwo sources of information (the structure
and datatype property); whildnég non-leaf nodes have object properties that lead to further
exploration of the associates so their weight factors arendietat using three factors including

their object properties, datatype properties and taxonomical relationships.

The two parameter®,andC, are determined as follows:

Determination of the £ parameter

The £ parameter for then" element, i.ep,,= (I¥

Xwi’

j), is defined as the product of the numbers of

k
IJ’W
associates of all predecessors ofrtifeelement, which are introduced by the common object properties of

all predecessors O@‘M and I{,‘wj and can be calculated as follows:



*

() =TT, .(

where

R <supAssq , oprH)

k
Bj

R (supAssZ,g ) opg,ﬂ)

i

>, (2)
q+1

- R (supAss‘I’k , 0Dy ) denotes the set of associates that are introducmziASSI"k into AssN,_

Xwi Xwi

throughop“},“, WheresupAsslqk is the direct predecessor associatéigg at levelg, and the size

Xwi

of this set is{R (supAssqk ,OP‘(};H)

Iy .
Xwi

- R<supAss‘I’k ,opv‘f,“) denotes the set of associates that are introduced by
Ywj
supAss}, into AssN;, throughopa**, wheresupAss . is the direct predecessor associate of
Ywj Ywj

Ik

yw; at levelg, and the size of this set

B <supAssq ) opj,“)

k
)

- supAss‘IIk € prdinst(l,’fwi), Whereprdinst(l,’fwi) = {supAsquk |[Vq € [0,k — 1]} is the set of
all the predecessor associates of instaifn‘&e

- supAss?, € prdps (IJ’,‘WJ.), whereprd,; ( I},‘Wj) = {supAssfg |vq € [0,k — 1]} is the set of
wj

B

all the predecessor associates of instak)’;‘c”g and

- opf},“ is the object property of instances at ¢ffdevel that introduces the associates at the level

th

q+1.

As a special case, the parameter o( L, Iy) = (10 I;’Wj) is set to one, i.e‘i( L, Iy) =1.

Xwi’
Determination of the C parameter

The C parameter of the'"element in theCAPSet,x,y, i.e. the associate pa(lrjc‘wi,lj,‘wj), is defined as the

product of humbers of common object properties of its all predecessergral can be calculated as

follows:

C(I;C(wi’lllfcwj) = 2=k—1 Ncop(pq)a (3)

where



- Ngop(p?) denotes the number of common object properties with respect to agssadiepai(p?),

ie. (. Iy,,), at theg®" closeness level of the associate ;éé;frl, yw,)'

- p9€ predyayr (1%, 15, ), whereprdyq, (15,15, ) = (supAss?, . |vVq € [0,k — 1]} is the

wal Iyw]

set of all the predecessor pairs of the elemdm ) andsupAss kK is the predecessor

xWL Ywj

pair of the( ) pair at the closeness levgl supAss% represents the given pair of

le Ile Iyw]

instances (i.el, and I,).
As a special case, titeparameter of I, I,) = (I,?W L. ) is set to one, i.&C( I, I,) =1.

As an example of calculating the weight factor of an assop&teconsider the associate pi (1,%41 13341)

in the CAPSet,,, , the common object properopy, betweenl? andl} is op3 = opZ, =op3,, as

shown in Figs 1 and 2. In view of that, thand C parameters of the given associate pe#,, I2,,) are

calculated as follows:
(12, 15,,): Prdinse(13,,) = (U3, 2% prdinse(15,,) = U13,,, 1)
Thus, (12, 12,,) = T19-—1 (|R (supAssZ%41,op3,+1)| «|R (supAss ,opi™)|)
= (IR(t, 008) = R (5., 00)]) * (1R, 0pb| =[RS, on3))
=(1*1)*(2*1) =2
O ) P (12 5,) = (1 3, (2.1
Thus,C(1,,15,,) = [1g=1 Neop (%)
cop(lisu y31) * cop(lﬁg'[;?) =1%3=3
Since the instances of the péiﬁ y“) are not leaf-nodes, the weight factor of this pair is caledlat

aSF(Ix41I}'41)=_(_*_ _)__(32 2 ) =1_62



3.3 Definition of the semantic similarity (IOBSS) measure

Given two instancek. andl,, the new semantic similarity (IOBSS) measurd,aid I,,, denoted as
ontSemSim(1,,1,):1 x I - [0,1], can be expressed as follows:

ontSemSim(1I,,1,) = Ym_1 Fy * (Simge(pm) + Simar(pm)), (4)
where,E,, is the weight factor of thei" element in the?APSet,x,y, which is determined using Eq. (I);
is the number of elements in thdPSet; ;. ; Simgs(py) andSimy; (py) is the structure-based similarity

and datatype-based similarity of tim¥ element, respectively. The structure-based similarity andygpatat

based similarity are illustrated in the following sections.

3.3.1 Structure-based similarity of two ontological instances
The structure-based similarity between two ontological instancegpares two instances in terms of

concepts that they belong to in the hierarchical struéfiré&siven two instancek andI,, the structure-

based similarity between two instances, denoteﬂim&r(lx, Iy), is calculated as follows [41]:

1C(I) +1¢(L,) = 2 % IC(LCAzx.zy)>

Simge, (I, ) = 1 — ( > (5)

wherelC(I,) and IC(1,) is the intrinsidC of I, and ,, respectively;lC(LCA,x,,y) denotes the intrinsikC
of given two instancek and I,,, which is obtained with regard to their Least Common Ancek@A) of
the concepts that subsumes them in the considéiedThe intrinsiclC of a specific instancd,,, is
assigned as the intringdi€ of the concept that it belongs toht4, as follows:
1C(Iy) = 1C(cy), ¢ €{C}, (6)

wherec; is the concept thdf belongs to i€ (the concept that the instankes instantiated from).
Since the parent concept of any given instance will be the deakpt in H¢ [20, 41], and the intrinsitC
values of leaf concepts are assigned to their maximum valumsedadccording to Secol€ metric [41],
we assume that the intringi€ value of an instancd, would always be one, i.éC(I,) = IC(Iy) =1.

Substituting these values into Eg. (6), we can simplify Eq. (6) as follows:

Simser (L 1) = 1C (LCA 1), (7)



Considering the fact that the instances in OWL ontology may have tihan one parent concept [20], we
defineLCA,,;, as the most informativieCAfor I, and I,,, which is the pair of parent concepts that has the
highest IC. For example, if the parent set of two given instangesd I, is{c;,c,}and {c3},

respectively, théCA,x,,y can be expressed as follows:

max (IC(LCAc, c,), IC(LCA, ;). ®)

ThelC of a concept can be calculated using the metric proposed by Seco et al. [41] as follows:

log (hypo(c) + 1)
log (maxcons)

IC(c) =1 \ 0<IC(c)<1 9)

wherec is a concept it ¢, hypois a function that returns the number of hyporiyaisa given concept
andmax,,s is the number of concepts that exist in the taxonomy under considdiéation

Based on Eg. (9), it can be seen thati@&alue decreases monotonically as we traverse from leaf nodes
up to the root node in the taxonomy. Hence,I@e&alue of a leaf-node concept will have l@hvalue of

one, which indicates that the concept has been maximally expresseahaontibe further differentiated. In
contrast, thdC values of concepts that are at the upper levels are lessribamecause they have many

hyponyms. In particular, the root node concept will haviCavalue of zero.

3.3.2 Datatype-based semantic similarity of two ontological instances

Datatype-based semantic similarity describes the sinyilafittwo instances based on their common
datatype properties with respect to a domain ontology. Datatype properissct an instance to an XML
schema datatype value or an RDF literal. The XML schemaygettnclude interval-scaled, binary,
nominal, ordinal, and/or ratio. The similarity between two instancesected to each datatype needs to be
treated differently. A detailed description of similarity metrics thats each type can be found in [18].

Given two instanced,, andl,, letN be the set of their common datatype properties. The datatype-based

similarity of these two instances, denoted%mdt(lx, Iy), is defined as follows:

>, DtS;?,npi(lx' Iy)’ (10)

Simg (L, 1) =

® Hyponymyinvolves specific instantiations of a more genemhcept. On another word, thegpo of a concept denotes the
number of its direct subclasses.



wherep; € N is thei" common datatype property, adiSim,, (I, 1,) denotes the datatype similarity
betweenl, andl, for the property;. If two given instances, and I,, do not share any datatype property,
their Simg¢ (I, I,) = 0.

The datatype-based similarity shown in Eq. (10) differs accordintye type of datatype property.
Since the type of datatype properties that may be involved itasiiyicomputation in our case study in
the tourism domain is mainly nominal (or categorical), we adopteddccard coefficierit[34], to
compute the datatype similarity between two instances withrdgge their common categorical
properties. Suppoge is a common datatype property betwéeandl,, vy andvy® are the sets of values
that thel, and I, can take fop;, respectively. Thendatatype-based similarity betwegnandl,, for a

categorical property;, DtSimpl.(Ix, Iy), is defined using thdaccard coefficienas follows:

#(vin #(v nvyt) my

#(v) #(w U ™) vm (11)

DtSimy, (I, 1) =

where#(vy N vy*) is the cardinality of positive matching values betwgeandl, for p;, #(vy U vy*) is

the cardinality of union of none zero values betwigesndl,, for p;.

3.4 Algorithmic procedure of the | OBSS measure

Having presented the new IOBSS measure, this subsection descrikgmtiiemic procedure to calculate
the semantic similarity of any two instances in a given OWL domain ontoldgytwo instancel, andl,,
and their associate networks as shown in Figs 1 and 2, respedivelised as examples. The procedure

consists of three steps as listed below:

Step 1. Determine the associate networks of the two given instargasd I,)

Determine the associate network of each instance by findiritp @bksociates through tracing its object
property chains. Starting from the given instance, g.gr I, with closeness level = 0, retrieve all the
object properties of this instance. For each object property, find the link@nces as its associates at the
next level; this process continues until the last closeness \Wwere the instances have no object

properties (leaf-nodes).

" which is frequently used as a similarity measureakymmetric information on binary and non-binaayiables



Algorithm 1. Construction of the common associate pair sévofinstances
Input: associate networks of two instandgsand I,,, AssN; and AssNy,
Output: common associate pair set of these two instaGes3Set;,;,

Process:
Declare a Set, CAPSet,, ;)"
Declare a Queue;ComlinsPairQ”
Declare Lists: “InstList1”, “InstList2”, “PairlnstList
Add the given elemerttl,, I,)) to the queu€ominsPairQ

k=0
While-loop (condition) {
k=+1

For each level k of bothAssN, and AssNy,
For each common object propertyp,, at levelk of AssN; and AssN,
InstList:- GETCONNECTEDINSTANCES0p, AssN,)
InstList2- GETCONNECTEDINSTANCES0pk, AssNy)
Ileach list contains instances that areciates of thepy; in AssN;_ and AssN,,

PairinstList- GETPAIROFINSTANCEYPairInstListl, PairlnstList2)
/leach element in the this list representsinstances that are introduced viaoaj,
For each element in the PairinstList
Add this element to the quebiemInsPairQ
end for
end for
end for
end while
For each element in th&€€ominstPairQ
k < GETCLOSNEsd.EVEL(element AssN, , AssN,y)
Determinéusing Eq. 2
Determin@ using Eq.3
Form a five-tuple consists d# thvo associates in the elemdqt; andC.
Add this tuple to the setPSet,

end for

Step 2. Construct the common associate pair set of two given insténeesl/,,

Step 2.1 Determine the common associate pairs

Given the associate networks of two given instanigesndl,, AssN; and AssN, , as shown in Figs. 1
and 2, go through all the closeness levels from top to the bottom,cloleaaelk of AssN; andAssN,y,

find the common object properties, then retrieve the linked instdmcesch common object property to
form the common pairs of instances fand I,,. The common associate pair set can be viewed as a set of
five-tuple, i.e.(element 1, element 2, k,{,C). The algorithmic procedure of this process is presented in

Algorithm 1.

Step 2.2. Calculate the weight factor for each common associate pair



In this step, the weight factor is calculated for each common associatel@aient 1, element,2hus, we
need to determine the parametgaad C using Egs. (2) and (3), respectively, andind calculate its

weight factor using Eq. (1).

Step 3. Calculate the semantic similarity (IOBSS) of the two instarigcesdl,
For each element in the common associate pair set of two gisences,/, andl,, first calculate the

structure-based and datatype-based similarities of the pairtanhoes of each element using Egs. (7) and

(10), respectively, and then calculate the IOBSS similarity valung . (4).

4  The semantic-based enhanced hybrid recommendation approach

With the aim of recommending the most appropriate items to users, p@spra semantic-based enhanced
hybrid recommendation approach (SBCF-IOBSS) by combining the ne®3@Beasure of items with the
item-based CF framework. The rationale for this combinatiotwefold: (i) the IOBSS measure can
enhance the similarity of items so that the accuracy afmetendation can be improved, and (ii) the
hybrid approach can alleviate the sparsity and new item probleroaudee it captures additional

knowledge by using the IOBSS measure.

4.1 Procedur e of generating top-N recommendations

Fig. 3 shows the workflow of generating recommendations with this new hymidach, where

the inputs of this approach include the user-item ratinggxpdénoted byR[m X n], wherem represents
the number of users amdrepresents the number of items; the target domain ontologynached data
(instances or items); and a given usegr, with his or her ratings of some of items (indicated by &ovesf

ratings). The output of this approach is the kbgpcommendations to the given uéey).
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Fig. 3. The workflow of the computational recommendation procedure steps of the SBCF-IOBSS approach

Details of the workflow of the proposed SBCF-IOBSS approach areilssgas follows:

Step 1: Computetheitem-based CF similarity of items

We adopted item-based CF similarity to calculate thelaiityi of each pair of items because it is superior
in performance to other similarity measures, according to previessarch [1, 6]. The Pearson
Correlation coefficient [40] is used to calculate the iterredasF similarity, based on the given user-item
ratings matrix@[m x n].

Formally, given the user-item ratings matikn X n], the item-based CF similarity value between two

items/; andl;, denoted agFSimy ;1 X1 - [—1,1], is calculated as follows [24]:

1] _ _
u:Ul (ruzli - rli)(ru,lj - le)

)
Uil _ vl =
\/ u=l]1 (Tu.li - TIL')Z Zu=Ul (ru"j h rlf)z

CFSimIi’Ij = (12)

whereU;; is the set of users who rated the itefnand/; together,|Ul-j| is the number of users i;,
Ty, and ry1; represents the rating given by usee U;; on service itemd; and I;, respectively, and
7, and i is the average ratings of all users who have rated thd;iterd /;, respectively.

The resultant item-based CF similarity of each pair ohstés stored in an item-item similarity matrix,

denoted bY'FS[n X n].

Step 2: Compute the ontology-based semantic similarity (1OBSS)



The semantic similarity between each pair of items isutated based on the IOBSS measure using Eq.
(4), and stored in an item-item semantic similarity matrix, denbyefs/M[n x n], wheren is the number

of items in the ontology dataset.

Step 3: Integratetheitem-based CF and ontology-based semantic similarities

We calculate the semantic enhanced item-item similasityinearly combining the Item-based CF and

IOBSS  similarities. The combined similarity of instanfesndl;, denoted aSombSimy,;:1 X1 -

[—1,1], is computed as follows:

CombSimy,;; = a X OntSemSim,;, + (1-a)x CFSimy, 1, (13)
where a is a semantic combination parametahich specifies the weight of IOBSS in the combined
similarity. If @ = 0, then the combined similarity represents only the respecttuwebased CF similarity
of [;and I;; if a =1, then the combined similarity represents only the respetfdSS similarity of
I; and I;. Finding the proper value at is not a trivial task and is usually highly dependent on the
characteristics of the data. Thus, a sensitive analysiedifferent values at parameter is necessary to
choose an appropriat® value that achieves the best performance for a given tafds® combined
similarity of each pair of items is stored in a new item-itemlaiity matrix, denoted aSSIM[n X n].

Step 4: Generatetop-N recommendations for an active user

This step aims to generate the most relevant items thattave user might be interested in. First, we
predict the user’s ratings (i.e. rating values between 1 and 5) on ahutesms, and then generate the top-
N items for the active user based on his/her predicted ratings.

To predict the ratings of the active user for the unseamsjtthe weighted sum method is employed as it
commonly used in studies of recommendation systems [40]. Withmihikod, first, we determine the
neighborhood of each un-rated item (d;). denoted a¥;8; then we calculate the predicted rating value

for an active usefu,), on the target ite), P, ;.: U X I - [0,5], using the following formula:

K; .
_ Zq;1 Tuq,lq*CombSim(Iylq)

Py

(14)

A — K; .
@it YqL, CombSim(Iylq)

8 K; denotes the service items that are most similtreain-rated iten;



wherel, belongs to the neighborhood kfand should be rated by the active usgr T, denotes the

rating of an iteml, by the usew,, CombSim(I;,1,) denotes the combined similarity value of the target
item/; and I, which can be calculated by Eq. (13). The predicted rating valuesseen items for the user
u, are stored as a vector in the prediction maiX1 x n]. Based or, [1 x n], we sort all unseen items

according to the predicted rating values and then choose thH smvice items as the tdp-

recommendations for the given user.

4.2 Computational complexity analysis

The computational complexity of the proposed SBCF-IOBSS approatheiscombination of the
computational complexities of calculating similarity of iteramd predictions. The computational
complexity of calculating similarity of items includes the tireguired to calculate both the item-based CF
and the I0BSS similarities. The item-based CF similagtyuiresO(n?) for calculating the item-item
similarity of n items. This step can be accomplished offline.

On the other hand, the time required to calculate the itemsdteiarity using the IOBSS measure is
divided into three sub-steps, including the time required to buildgkeciate networks, find the common
associate sets and calculate item-item semantic sityil&irst, the time required to build the associate
networks of all available items defined in the ontolog O(n X (OP + C)), where0 (0P + C) is the time
required to build the associate network of each rOPjs the number of object properties defined in the
ontology ancC is the number of concepts in the target ontology. Second, thedqueed to find all the
common associate sets O(n2 X (COP+C)), where O(COP + C) is the time required to find the
common associate network of a pair of iteiCOP is the number of common object properties between
any two associate networks. Third, the time required to conthetdOBSS similarity fom items, as
defined in Eq. 4, is0(n® + n%2N + 2n?log COP + n), where,n? is needed to calculate the structure
similarity, n?N is needed to calculate the datatype similarNyi¢ the number of common datatype
property between any two item2n? log COP is for computingf andC parameters and lasttyis needed
for calculating the factoF. Therefore, the overall computational complexity of caltugathe I0BSS

similarity measure  0(n x (OP + C)) + 0(n? x (COP + C)) + 0(n? + n*N + 2n%log COP + n) ~



0(n x (OP + C)) + 0(n? x (COP + )). The IOBSS measure can be calculated offline. Fir0(n) is

required to predict all unrated items for an active user;ehdine overall computational complexity of the

hybrid SBCF-IOBSS recommendation approach in the worst casmnb(O(m(nx (opP +C))) 4

0 (m(n? x (COP + ©))).

Although the proposed SBCF-IOBSS approach is computationally exgrensive than classical item-
based CF recommendation approaches (0(n?m)), the calculations in the SBCF-IOBSS
recommendation approach will be conducted at the beginning and whew #&em is added to the
ontology. In addition, all these calculations can be done offlinaefdre this approach is computationally

feasible.

5 Experimental validation

To validate the effectiveness of the proposed SBCF-IOBS8mmendation approach, this section
presents the experimental validation through conducting comparistimshnée competing approaches

based on a case study.

51 A casestudy: Australian e-gover nment tourism service

One of the main directions in the e-government development stiategprovide better online services to
citizens such that the required information can be located @sthtime and search effort [21]. Tourism is
one of the focused domains of e-government service developmeegistsaast represents 11% of the
worldwide GDP. Many governments around the world have devoted considerable timenargy to
promote the tourism industry through non-profit services [46]. Inttheism domain, a government
usually provides information about tourism entities including destims, attractions that can be visited,
activities that can be taken and events that can be atteriddedfement destinations within the
corresponding country. In this study, the Australian e-Governmensnowgervice domain is utilized to
validate the effectiveness of the new SBCF-IOBSS recommendaticveahpr

The experimental validation is conducted on a real-world datagetistfalian tourism services, extracted
from two main sources: (i) the official NSW tourism service websand (ii) the Australian Tourism Data

Warehouse (ATDW) Hitp://www.atdw.com.a)/ The tourism service dataset consists of a total of 500




Australian tourism service items that include differentaations, activities, events, and destinations. To
use this tourism service dataset to generat®dtogcommendations, the dataset is used in two ways: One is
to construct an Australian e-government tourism ontology, whipgtesents the semantic knowledge of
Australian tourism e-government service items.

The  Australian  e-government  tourism  ontology was  formalized  usingrotégé
(http://protege.stanford.eduspsed on the Australian tourism knowled@be knowledge formalized in
ontology for the e-government tourism dompravides a detailed semantic description of the entities in
the domain, such as tourist attractions, and events or activities that aiatagseith a specific attraction.
These entities are formalized as concepts. Each concept caattrduges and relationships with other
concepts. The knowledge ihe Australian tourism service ontology utilized for the purpose of
computing item similarity using the proposed IOBSS measure hsasvéo build the user-item ratings
matrix. The columns of user-item matrix represent tourism cmrviems which reference their
corresponding items in the tourism ontology. The rows of the userrdings matrix represent user
ratings information, where each data entry of each row represergsr’'s rating score which is either a
rating value that ranges from 1 to 5, or zero (for entries intwtiie items have not been rated by the
corresponding users). The user ratings information about preferredndteiss is retrieved from the
ATDW.

The user-item ratings matrix, of 400 users and 500 tourism itemsglii into a training set and a test set
using a specific parameter called training/test ratjo A value ofx = 0.8 indicates that 80% of all the
ratings of the entire dataset will be randomly selectetlteasining set, while the remaining 20% of ratings
data will be used as the test set. The training set will be used to cottstreequired similarity matrix (the
item-item similarity for the standard item-based CF apgrp&ECF and our new hybrid SBCF-IOBSS
approach or the user-user similarity for the CFO approach¢ wie test dataset will be used to validate

the predicted ratings of unseen items (i.e. the hidden portion of thegatut items).

5.2 Experimental design

To validate the performance of the new semantic-based enh&aybed recommendation approach

(SBCF-IOBSS), three approaches were chosen as competing apprimadhe experimental comparison,



the standard item-based CF approach proposed by Sarwar et ainfi®lvo state-of-the-art semantic
enhanced recommendation approaches as mentioned in Section 2, the.s@mantically enhanced CF
(SECF) approach proposed by Mobasher et al. [38], and (ii) thebased CF with ontology-based
approach (CFO) proposed by Sieg et al. [44]. The reasons l&mtise of these three as competing
approaches is that the standard item-based CF approach has defn exploited as a benchmark
approach for its effective performance results, while the adlvanced semantic enhanced hybrid
recommendation approaches — the SECF and CFO — are closely relateddtktheegented in this study.
The experimental evaluation was conducted based on the datasdtdroas¢ study to generate the kbp-
most-liked service items, such as destinations, attractiatigitias or events, to a given user using the
new hybrid recommendation approach. The results were comparedwitimés obtained from the three
competing approaches which were run in the same environment. Themplatfed for the implementation
is the Java NetBeans. The OWLModel and Jena OntModel eveptoyed to facilitate and manage the

communication between the OWL ontology of the tourism data and the JiB@aNs platform.

5.3 Experimental evaluation metric

The Mean Absolute ErrorMAE) metric is used to evaluate the accuracy and quality of rguke
recommendations, as it is widely used in the recommendation cedégld [9, 19, 40]. TheMAE is a
measure of the deviation of predicted values of recommendatiomstfreir true user-specified values.
This metric determines recommendation accuracy by computing daa rabsolute deviation of the
predicted rating values of unseen items compared to theirl aatims. For a given set of items, the

MAE metric is given by:

n b — .
MAE = Zi:llil pll’ (15)

where p; is the predicted rating anrd is the actual rating of a hidden itenm the test dataset. Note that, a
lower MAE value represents a higher prediction accuracy of generated recomomendat

To validate the performance of the new SBCF-IOBSS approaghtaeliminate the potential bias of
training/test sets in calculating the recommendation acgutan-fold cross validation is conducted for
each experiment. At each fold, 80% of rated tourism serviogsit the entire user-item ratings matrix

will be randomly selected as training dataset. The remaR0Bg of the rated items will be included in the



test dataset. THAAE was computed and recorded at each fold and the odllvalue then obtained as

the averaged value. TIMAE in the following experiments represents the ovévidiE.

54 Determination of experimental parameters

In this study, there are three parameters that have a noticeglalet ion the prediction accuracy of the new
hybrid recommendation approach, namely the neighborhoodk)z&tep 4 in the sub-Section 4.1), the
semantic combination paramete) (step 3 in the sub-Section 4.1), and the sparsity level.vdlhes of K
anda were determined based on the sensitivity analysis of thes@drameters to the recommendation
accuracy. In this case study, we run the experiments using thehytewd SBCF-IOBSS and SEEF
approaches by varying the semantic combination paramgten{l neighborhood siz€ values. For each

a value within the range from 0 to 1 with an increment of 0.1 ruvethe experiment by varying the
neighborhood siz& from 5 to 80, and the neighborhood dizevith the minimumMAE is then recorded.

Fig. 4 plots the minimum value MAE for each parameter value with the best neighborhood sike

The impact of the semantic combination parameter on the prediction accuracy
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Fig. 4. The impact of the integration of the Item-based CF and IOBSS measure on prediction accuracy

It can be seen from Fig.4 that the integration of the semaimtiitarity with traditional item-based CF
yields substantial improvement to the accuracy. The best poedaztcuracy result is obtained when the

parameter equals 0.6 and 0.5 by the proposed hybrid SBCF-IOBSS apanohtte SECF approach,

® The ESCF approach is sensitive to parameter aplielinearly combines the item-based CF simifaaitd the semantic
similarity. The combined similarities are used emgrate predictions of unseen items.



respectively. Fig. 4 also shows that the proposed approach has outpdrfthe SECF approach by

achieving better prediction accuracy at differemalues.

Furthermore, the improvement of the SBCF-IOBSS approach compmatbd SECF approach has been
verified statistically using the paired t-test statidtim@asure. Using this test, it has been found that the
obtainedp-value is 1.1148e-05, which is significance (p < 0.05), thus, the null hypothesis of mean
equality is rejected and a meaningful difference in the predicticuracy exists.

The sparsity level of a user-item ratings matrix is defined as:

Sparsity = 1 — density, (16)
where density is the density of the user-item ratings matich is defined as the ratio of the number of
non-zero elements to the total number of elements in the matrix.

For instance, the density of the user-item ratings mataixused in this study is 0.0577, then the sparsity

level of this matrix is 1 - 0.0577 = 0.9423.

55 Experimental results

This section presents the results of the experimentserimst of the prediction accuracy of the

recommendations.

5.5.1 Effectivenessof the new hybrid approach on prediction accuracy

A number of experiments are conducted using diffekeaalues from 5 to 80 and the optimalis set to
values for the hybrid SBCF-IOBSS and SECF approaches. Fig. 5 shewsest prediction accuracy
values of all considered approaches with different values ofmgaeaK. It can be seen from Fig.5 that the
proposed hybrid approach reveals substantially better predictiaraagcthan the three competing
approaches for all values of paramefeunder consideration. It can also be clearly seen that prediction
accuracy increases as paramétencreases and reaches the optimal value, which is akbundO for all
approaches except for the traditional item-based CF.

To justify the differences o¥IAE values of the proposed approach from other competing approaches on
the prediction accuracy, the paired t-test statistical uneasas been applied. The reporpadalues are

9.58051e-05, 3.66739e-06 and 2.15778e-09 for the proposed approach in comparison withrtHeFEEC
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55.2 Effectiveness of the SBCF-10OBSS approach in dealing with the sparsity problem

SBCF-IOBSS approach in handling the sparsity problem, we conduainber of experiments using all

the considered approaches with several datasets whicHamred based on the same Australian tourism

dataset. Each new dataset has a sparsity levels. Fig. 6timoMAE improvement of the proposed
approach against the three competing approaches. It can biecsedfig. 6 that th/AE of the proposed
hybrid approach has achieved better improvement than the traditiemabased CF and other two
competing approaches at all sparsity levdlevertheless, the achieved improvement in the prediction
accuracy by the SBCF-IOBSS approach clearly declineseapriiportion of the training data is
reduced (the sparsity is increased), and as might be expectéujthizement tends to converge to
zero for very sparse datasets. This is because for vergespata, neither approach can generate a
reasonable recommendatioHowever, the shown result in Fig. 6 indicates that the new agproa
performs better in handling the sparsity problem than the competingaahpeoeven when the data is very
sparse.



To verify the differences of tHdAE values of the proposed approach from other competing approaches on
the prediction accuracy, the paired t-test statistical unedsas been applied. The reporpdalues are
0.000375, 0.000394 and 2.59216e-05 for the proposed approach in comparison with the SE@Rd CFO
item-based CF approaches, respectively. Therefore, the null hggotiemean equality is rejected and

meaningful differences in prediction accuracy of the proposedoagiprare proven against all other

competing approaches.

Accuracy improvement of the proposed hybrid approach against the benchmark approaches
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Fig. 6. Improvement in prediction accuracy of the SBCF-IOBSS approach over competing approaches at different sparsity levels

5.5.3 Effectiveness of the SBCF-IOBSSin dealing with the cold-start item problem

As reported by other studies (Schafer et al. 2007), it is diffio give accurate recommendations for new
items, because high-quality recommendations can only be obtaifesuffitient data ratings. To validate
the effectiveness of the proposed SBCF-IOBSS approach in deédtiinthe new items problem, we form
a new dataset based on the Australian tourism dataset by purpddelg a number of new items to the
test set, which are the items that have been rated only otize tiraining dataset. Using this new dataset,
we conducted a number of experiments in whichkilparameter is varied from 5 to 80 emgharameter is
set to 1 using only the proposed SBCF-IOBSS and SECF appso#ithétem-based CF and the CFO are
excluded from the experiments as they cannot make recommendatioesv items. Fig. 7 plots tHdAE
values for the two approaches. It can be seen that the proposeddipgives better prediction accuracy
for new items than the SECF approach at all values of parakhetater consideration. This indicates that

the new hybrid SBCF-IOBSS approach can better deal with theiteew problem than the SECF



approach. This result has been confirmed through conducting d pagst statistical measure. According
to this test, the null hypothesis of mean equality is rejeatddaameaningful difference in the prediction
accuracy is proven withprvalue of 8.50e-06 less than the significance value.

Prediction accuracy for the cold-start item problem
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5.6 Discussion of theresults

The achieved improvement by the proposed hybrid approach, as preethedub-Section 5.5, can be



instances are added to the syst&econdly, the similarity computation using the IOBSS measwithis

the items space, which has less chance to change, compared ueetbe spaceSince, he user's
preferences and the itsnsimilarityare known in advance, the computational complexity of the proposed
approach does not cause an unacceptable delay in the delivegommendations. Lastljhe semantic
similarity measure provides valuable information in improvihg estimation of item-item similarity
which in turn contributes positively towards generating mooeirate and high quality recommendations,
especially in the cases where 8parsity problem and/or new item problem are present.

Regarding the generalization of the proposed approach, although t&& I@Basure, related terms and
calculation procedure were validated using a case study, @semtial mechanism and the steps of
calculating the IOBSS measure can be used in any domain asdaihg @omain knowledge can be
modelled and formalized as an ontology and the type of datatype tigs@@e known. Therefore there is
no limitation to practical scope for extending the framework fter@int domains. However, since the
IOBSS measure aims to capture both the direct and impliatiareships to compute semantic similarity
between any pair of available items in the considered domdhe given domain ontology has no much

implicit relationships, the effects of using the IOBSS measuredimihot significant.

6 Conclusion and futurework

This paper proposes a new hybrid semantic-based enhanced recononemm@bach that can be used to
effectively offer items tailored to users’ needs and pesiees. The proposed approach integrates semantic
similarity of items with the traditional item-based CF aygmh to enhance the personalization capabilities
of existing recommendation approaches. A new IOBSS measure pespm to accurately estimate
semantic similarity among instances. The performance ohéwe recommendation approach has been
validated using a real world dataset from the Australian toudismain and has been compared with the
traditional item-based CF as a baseline approach and twanesty semantic-enhanced CF. The
experimental evaluation results demonstrate that the proposed dppraperforms the three competing
approaches in terms of recommendation accuracy and capabilitaltevide the sparsity and new-item
problems. Furthermore, it has been shown that the SBCF-IOBSS rendatina approach is feasible and

practical for use in real world e-government recommendation systems.



Some future work could be (i) to apply the SBCF-IOBSS approach in other sigwre service domains,
such as Education, Medicare and Welfare; (ii) to develop amvergment tourism service
recommendation system using the proposed approach.
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