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Abstract

An exponential increase in the usage of the World Wide Web (Web 2.0) has led to a

wide collection of social platforms that harness people’s online activities such as on-

line shopping (e.g., eBay and Amazon), entertainment (e.g., YouTube and Last.fm),

and social networking (e.g., Facebook and Twitter). This has led to an overabundance

of information online, which is far too consuming for individual users to browse. As

such, personalized recommender systems have emerged, which aim to tailor the on-

line information presented to the user based on their preferences. Such recommender

systems have been widely studied in the research community and are also commonly

deployed in industry, e.g., music recommendation on Last.fm, item recommendation

on Amazon.com, and friend recommendation on Twitter.

Despite the huge prevalence of using social annotations in personalized recom-

mendation, a major outstanding problem is that in general they are redundant, sparse

and ambiguous. Therefore, in this thesis, we first study and address this problem by

proposing a recommendation-oriented deep neural model, in the context of tag-aware

personalized recommendation. Here, we also propose hybrid deep learning and neg-
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ative sampling to enhance the deep models’ training efficiency. Furthermore, since

users’ real-time news preferences are sometimes correlated with their geographical

context, we then investigate location-aware personalized news recommendation using

geographical topic models, where topic feature modelling and the user’s long-term per-

sonal interests are used to enhance the recommendation performance. Finally, to alle-

viate the need for powerful computing facilities to train deep recommendation models,

we propose a novel ontology-based similarity to circumvent tag ambiguity and redun-

dancy for applications in light-weight recommender systems on the Social Web.
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CHAPTER 1

Introduction

In recent years, there has been an exponential increase in the popularity of the Social

Web (Web 2.0), a term frequently used to describe a collection of social platforms that

link people through the (World Wide) Web. The Social Web is now the basis of many

online activities: online shopping (e.g., on eBay and Amazon), entertainment (e.g., on

YouTube and Last.fm), and social networking (e.g., on Facebook and Twitter). With

the continuing rapid growth of the Social Web, users usually can no longer browse effi-

ciently through all the information available online. Thus, personalized recommender

systems have arisen on the Social Web, which automatically filter out irrelevant online

information and provide personalized user recommendations. How to provide accurate

recommendation has been widely studied in the research community [31, 35, 54, 85];

and commercial applications have been widely deployed, e.g., music recommendation

on Last.fm, item recommendation on Amazon.com, and friend recommendation on

Twitter.

1
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To realize personalized recommendations, recommender systems are typically built

based on using the users’ personal interests or preferences to build user profiles. The

profiles are subsequently used for personalized re-ranking, where items in a database

are re-ranked according to the given user profile, such that items reflecting a user’s

personal interests are ranked higher [147]. In general, the users’ preferences or in-

terests can be obtained by leveraging information that is either explicitly or implicitly

available.

Recommender systems that use explicit preference information usually require ex-

tra efforts from users to fill in preference information or for users to provide positive

or negative feedbacks for the given recommendation results [111]. The quality of the

resulting user profile is strongly dependent upon the user’s willingness and capability

to provide sufficient and appropriate preference information. As a result, recommen-

dation performance can be very unstable.

As an “effortless” alternative, implicit user activity data, such as query history

[87, 146, 149, 154], browsing history [157], the user’s current tasks [109] or intents

[159], and even eye-tracking during search sessions [78] have been used as supple-

mentary information about users in the recommender systems of modern websites and

applications, such as Google, Amazon, Youtube, and Facebook. However, due to pri-

vacy, ethical, legal, or benefit reasons, these data are usually not accessible for external

parties. By accepting a “user agreement”, users may allow the service provider to col-

lect and use their implicit activity data to develop a better user experience, but it is

normally prohibited to then share these data with third parties. For their own bene-

fits, large IT companies are generally reluctant to release these valuable data to other

parties. Therefore, the need for publicly available and easy accessible user data is

compelling for the development of personalized recommender systems on the Social
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Web.

Fortunately, users can now freely provide social annotations to online items (e.g.,

Web pages, songs, videos, or other online resources) on the Social Web via book-

marking, tagging, rating, or commenting. In fact, such social annotations are actually

ideal user data for personalized recommendation on the Social Web for the following

reasons [178, 195]:

• Social annotations are usually publicly available online, so they are generally

easily accessible (with the permission of users and/or website owners).

• Social annotations are provided by users directly as their individual opinions

about online items, so the interests and preferences of users can be harvested

from their social annotations.

• The aggregation of tags assigned to an item can be seen as the social summary

of this item, which is helpful for recommending items with little textual content.

Given this status quo, in recent years, there has been a growing number of research

efforts exploiting the use of social annotations in personalized recommendations, based

on content-based filtering [32, 33, 164, 178], collaborative-filtering [160, 197], or

graph-based ranking techniques [70]. Nevertheless, relevant research in this area is

still only just beginning. The goal of this thesis is to develop effective and efficient

personalized recommender systems on the Social Web using social annotations, with

focus on addressing the outstanding research problems in the following three important

sub-fields:

• tag-aware personalized recommender systems,

• location-aware personalized news recommender systems,
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• ontology-based personalized recommender systems.

1.1 Tag-Aware Personalized Recommender Systems

A social tagging system is an online system on the Social Web that enables users

to create tags to annotate and categorize Social Web resources, such as Web pages,

songs, and videos. This practice is called social tagging or collaborative tagging,

while the classification systems derived from social tagging activities are known as

folksonomies. As a typical social annotation, social tags have been widely used for

tag-aware personalized recommendation on the social Web based on content-based fil-

tering [30, 33, 148, 164, 178, 203] or collaborative filtering [32, 160]. To this end,

content-based filtering is especially important and attracts more and more attention

in the research community [30, 33, 164, 178, 203], because it allows recommender

systems to incorporate tags as additional content information to improve recommenda-

tions [26].

To achieve personalization in content-based tag-aware personalized recommenda-

tion, a similarity measure is required to estimate the relevance of users’ preferences

(described by user profiles) and the social summaries of items (described by item

profiles). A vector space model (VSM) [138] is usually used to represent both as

weighted vectors of tags. However, since users can freely choose their own vocabulary

of tags, the resulting social tags may contain many uncontrolled vocabularies, such as

homonyms (tags with the same spelling but of different meanings), synonyms (different

tags of the same meaning), words in arbitrary languages, or even user-created words.

This results in very sparse, redundant, and ambiguous tag information and leads to

inaccurate similarity values between corresponding profiles. Consequently, the perfor-
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mance of content-based tag-aware recommendation systems is greatly degraded. This

is also called as the uncontrolled vocabulary problem on the Social Web.

A solution to this problem is to apply clustering in the tag space [148]; however,

clustering necessarily requires computing the similarity between tags, which is usu-

ally very time-consuming. Another solution is to use autoencoders. In [203], abstract

feature representations for tag-based user profiles are first modeled by autoencoders

and then used as inputs to user-based collaborative filtering to generate recommen-

dations. Although this method was reported to achieve better performance than the

clustering-based collaborative filtering method [203], it still suffers from the follow-

ing drawback: the model’s learning signal is based on reconstruction errors, which are

not directly related to the ability to distinguish the user’s target items from irrelevant

ones (the ultimate objective of personalized recommendation). As such, although the

resulting abstract feature representations are quite effective for reconstruction, they are

not very effective for personalized recommendation. Consequently, its improvement in

personalized recommendation is not very significant.

Motivated by the above observations, we propose to address the uncontrolled vo-

cabulary problem by using deep neural networks to map the tag-based user and item

profiles to an abstract deep feature space, where the similarities between users and

their target items (resp., irrelevant items) are maximized (resp., minimized). We call

the similarities in the deep feature space deep-semantic similarities and this model

deep-semantic similarity-based personalized recommendation (DSPR) model.

In general, DSPR has the following advantages:

• The deep model is trained using a recommendation-oriented learning signal,

which is directly correlated with differentiating the user’s target items from the

irrelevant ones. The resulting abstract features for user and item profiles are
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therefore very effective representations for personalized recommendation.

• Deep neural networks in DSPR extract more abstract and denser features layer-

by-layer, so DSPR overcomes the sparsity and redundancy problems in the social

tag space.

• Also, the input synonyms (resp., homonyms) have similar (resp., different) im-

pact on output features of DSPR, which addresses the ambiguity problem in the

social tag space.

Interpretability (or transparency) is a common concern for some deep learning ap-

plications, but this problem is remedied in DSPR. Specifically, if we define the most

influential tags of an output abstract feature as input tags whose weight changes will

most influence the weight of this output feature, the semantics of output features can

be inferred by using their corresponding most influential tags. For example, if the tags

“www3”, “Web”, and “online” are the top 3 most influential tags of an output abstract

feature, it is reasonable to infer that this feature is about “Internet”; consequently, by

seeing a user’s output abstract profile with a high weight for this feature, we can inter-

pret that this user has strong interest on “Internet”.

Despite achieving superior performance, the training of the DSPR model is usually

very time-consuming in practice, mainly because DSPR has many hidden layers and a

huge number of candidate items. On the one hand, the many hidden layers in DSPR

lead to minuscule and insignificant learning signals for the first few layers, which re-

quire numerous different training runs to reach model convergence. This problem is

also known as diffusion or vanishing gradients. On the other hand, to train DSPR, the

deep-semantic similarities between the user in each training sample and all the candi-

date items have to be computed in each training run. Since the number of candidate
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items for an online recommendation system is usually very large (millions) and train-

ing deep neural networks often requires many training samples, the processing of each

training run is computationally very expensive, resulting into a scale problem.

Therefore, we further propose to solve these problems by hybrid deep learning and

negative sampling. With both improvements, the resulting hybrid deep learning-based

personalized recommendation with negative sampling (HDLPR-NS) model becomes

very efficient in model training (hundreds of times quicker than DSPR), whilst main-

taining superior recommendation performance.

1.2 Location-Aware Personalized News Recommender

Systems

We also note that although users’ long-term preferences mainly rely on their personal

interests that are usually learnt from their historical activities, e.g., social tags, their

real-time preferences on some specific kinds of objects can evolve with the change of

locations. These special kinds of objects are called location-sensitive objects.

Generally, the relevance between locations and most location-sensitive objects,

e.g., events, stores, or facilities, lies on the physical distance between the user and the

candidate objects, which usually have high influence on the user’s real-time choice.

For example, a user may choose a street parking spot nearby instead of driving 10 km

to park at a secured parking lot, though he/she generally prefer the latter. Furthermore,

it is often easy to obtain GPS information for these objects. Therefore, most of the

classic location-aware recommendation solutions are physical distance-based [40, 53,

130, 190, 200], where the locational relevance of an object to a user is measured by the

physical distance between their locations, in the form of GPS coordinates.
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News articles are also location-sensitive objectives: users’ real-time news prefer-

ences are sometimes correlated with their geographical context. For example, A stock

trader’s long-term news preferences are financial and sports news; however, he may

focus on financial news when working at the Wall Street and leave sports news to be

read at home; also, he may like to receive news recommendation about the change of

the local weather when strolling at park, though he usually does not care about this.

However, the above two properties are not held for news articles. On the one hand,

the descriptions of event locations in many news articles are vague and general (men-

tioning only a city or suburb), making it very difficult or even impossible to obtain

accurate GPS information for this kind of news. On the other hand, even with GPS

coordinates, it is not sound to assume that a news happening nearby will be more at-

tractive than another news happening 10 km away. Actually, the relevance of news to

locations actually lies in the relevance of the topics of news to the geographical topics

of locations. For example, an Apple store can have the geographical topics “iPhone”

and “shopping”, which enhance the priority of recommending news about big sales of

Samsung mobiles to people in the store.

Consequently, the widely studied physical distance-based location-aware recom-

mendation solutions are not adequate to be applied in news recommendation. Indeed,

although there are some attempts at this direction [11, 12, 23, 131, 135], few of their

results is convincing. This is thus degrading the research popularity of location-aware

news recommendation: there are a lot of recommender systems that use location infor-

mation, but few of them are focusing on the applications in news articles.

A recent effort to cope with the special topic-based location relevance of news is to

extract the geographical topics of a location; then the relevance of a news to a location

is estimated according to the similarity of their topics. This is called geographical-



9

topic-based location-aware news recommendation. Obviously, the quality of topic

representations of locations in this recommendation task is crucial. A range of topic

models are thus proposed to learn effective geographical topics from locations, such

as latent Dirichlet allocation (LDA) [24], explicit semantic analysis (ESA) [51], prob-

abilistic latent semantic analysis (pLSA) [202], and their improved models [116, 152,

153, 185, 186], which are called geographical topic models. Among all the geograph-

ical topic models, explicit localized semantic analysis (ELSA) [152] was reported to

achieve the best performance in geographical-topic-based location-aware news recom-

mendation.

However, we also note that, as the state-of-the-art for this recommendation task,

ELSA only attracts a few dozens citations and has no practical applications. We believe

this is mainly because of the following two drawbacks of ELSA.

• In ELSA, news and locations are projected to a Wikipedia-based topic space,

where each Wikipedia concept is regarded as a possible topic. Due to the huge

volume (millions) of concepts on Wikipedia, the Wikipedia-based topic space in

ELSA is very high dimensional, sparse, and redundant. The high dimensionality

problem thus reduces the efficiency of ELSA-based recommendation models,

while the sparsity and redundancy degrades the recommendation accuracy.

• ELSA takes into account only the users’ geographical information for news rec-

ommendation and ignores their personal news interests. This is, however, un-

reasonable for real-world situations. In fact, users’ real-time news preferences

are influenced by both their long-term personal interests and their real-time ge-

ographical context. For example, a housewife may prefer to read entertainment

news at home, while the husband may like sports news at the same place. This
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difference comes from their long-term personal interests, which thus should also

be considered in location-aware news recommendation.

Therefore, motivated by these observations, we propose to overcome the drawbacks

of ELSA and to further improve the performance of geographicl-topic-based location-

aware news recommender systems by the following solutions: We first propose to apply

machine learning techniques to resolve high-dimensionality, sparsity, and redundancy

problems in the Wikipedia-based topic space in ELSA. We then extend ELSA to also

take into account the user’s long-term personal interests to achieve better personalized

news recommendation. Finally, a hybrid location-aware personalized news recommen-

dation model that combines and has the advantages of the above two improvements is

proposed.

1.3 Ontology-Based Personalized Recommender Systems

Although the above deep-learning-based solutions, e.g., HDLPR-NS and LP-DSA, can

solve the ambiguity and redundancy problems and achieve superior recommendation

performances on the Social Web, they both share the following shortcoming. In order

to achieve good recommendation performances, deep-learning-based recommendation

solutions must always be trained well using a large amount of data, and this training

process needs to be invoked frequently to capture the dynamic changes on the So-

cial Web. Very powerful computing facilities are therefore required to support online

recommender systems, which would not be generally available for small-size startup

companies or independent developers, though they are not a problem for tech giants,

e.g., Facebook or Amazon.

To address this problem, in the last part of my thesis, we leverage ontology tech-
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niques [58] and propose ontology-based personalized recommender systems, which

utilize a novel similarity metric, called ontological similarity (OntSim), to tackle tag

ambiguity and redundancy problems without the need of model training. The novelty

of this ontological similarity is to use concept similarities in ontologies to estimate

the semantic similarities of tags in profiles, which are semantically more accurate than

those generated by state-of-the-art similarity metrics, and can thus be applied to im-

prove the performance of content-based tag-aware personalized recommendation on

the Social Web. Consequently, it is a complement to deep-learning-based recommen-

dation solutions, and will be a good disambiguation choice for light-weight recom-

mender systems.

1.4 Contributions

Generally, this thesis studies and addresses the outstanding research problems in the

context of personalized recommender systems on the Social Web using social annota-

tions. The detailed contributions are as follows.

First, we propose to use the deep learning techniques to solve the uncontrolled

vocabulary problem on tag-aware personalized recommender systems, making the fol-

lowing contributions:

• We propose a deep-semantic similarity-based personalized recommendation (DSPR)

model; DSPR utilizes deep neural networks with a recommendation-oriented

learning signal to solve the uncontrolled vocabulary problem in social tags, and

greatly enhances the recommendation accuracy of tag-aware personalized rec-

ommender systems.

• To ensure scalability in practice, we further propose a hybrid deep learning-based
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personalized recommendation with negative sampling (HDLPR-NS) model. HDLPR-

NS solves the vanishing gradients problem using hybrid deep learning, which

directly integrates autoencoders with the neural networks of DSPR to generate

additional learning signals based on reconstruction errors. For the scale prob-

lem, to reduce the processing time needed for each training run, HDLPR-NS

adopts negative sampling [112] to randomly sample a small number of negative

examples to approximate the noise.

• We conduct an extensive experimental study using two real-world social tagging

datasets, Delicious and Last.Fm. The experimental results show that (i) DSPR

and HDLPR-NS both significantly outperform the state-of-the-art baselines in

tag-aware personalized recommendation (3.8 times better than the best baseline),

and (ii) by using hybrid deep learning and negative sampling, the model training

of HDLPR-NS is hundreds of times more efficient than DSPR, while achiev-

ing a similar (and sometimes even better) training quality and recommendation

performance.

Second, we further investigate location-aware personalized news recommender

systems based on geographical topic models.

• We first propose three novel geographical topic feature models, clustering-based

localized semantic analysis (CLSA), autoencoder-based localized semantic anal-

ysis (ALSA), and deep localized semantic analysis (DLSA) to solve high-dimensi-

onality, sparsity, and redundancy problems in ELSA by topic feature modelling.

These three models integrate clustering, autoencoder, and recommendation-orien-

ted deep neural networks, respectively, with ELSA to obtain dense, abstract, low

dimensional, and effective topic feature representations for locations and news,
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and thus achieve more effective and efficient location-aware news recommenda-

tions than ELSA.

• We also propose to take into account the users’ long-term personal interests to

extend ELSA to a location-aware personalised news recommendation with ex-

plicit semantic analysis (LP-ESA) model. LP-ESA offers news recommendation

based not only on the user’s current location, but also on his/her long-term per-

sonal interests, where a collection of user history data (e.g., tweeting history) is

used to model the given user’s interests, and collections of geo-tagged documents

are used as descriptions of locations.

• As LP-ESA is also an ESA-based method, similar to ELSA, it also suffers from

high-dimensionality, sparsity, and redundancy problems. Therefore, we finally

propose a hybrid model which integrates the intuitions of DLSA and LP-ESA to

also exploit recommendation-oriented deep neural networks to overcome these

problems in LP-ESA. This hybrid model is called location-aware personalized

news recommendation with deep semantic analysis (LP-DSA) model, which is a

deep learning extension of LP-ESA as well as a personalized extension of DLSA.

• Extensive experiments are conducted using a public real-world dataset. The re-

sults show that: (i) The proposed CLSA, ALSA, and DLSA models all greatly

outperform the state-of-the-art geographic topic model, ELSA, in location-aware

news recommendations in terms of both the recommendation effectiveness and

efficiency, where DLSA further outperforms CLSA and ALSA in recommenda-

tion effectiveness. (ii) LP-ESA significantly outperforms the baselines, ELSA

and STPM, in terms of all evaluation metrics. (iii) The hybrid model LP-DSA,

that integrates DLSA and LP-ESA, is capable to take the advantages of both
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models and achieve better recommendation effectiveness than DLSA and LP-

ESA. (iv) With the help of deep neural networks, LP-DSA and DLSA have much

lower online recommendation time-cost (about 25 times quicker) than LP-ESA

and ELSA.

Third, as a complement to deep-learning-based recommendation solutions, we fi-

nally propose ontology-based personalized recommender systems which creatively uti-

lize ontological similarity to tackle tag ambiguity (e.g., homonyms) and redundancy

(e.g., synonyms) problems without the need of model training. The detailed contribu-

tions are as follows:

• The novelty of the ontological similarity is to use concept similarities in ontolo-

gies to estimate the semantic similarities of tags in profiles, which are semanti-

cally more accurate than those generated by state-of-the-art similarity metrics,

and can thus be applied to improve the performance of content-based tag-aware

personalized recommendation on the Social Web.

• A two-step top-down disambiguation algorithm is first developed to solve the

tag ambiguity and redundancy problems by mapping tags to unique matching

concepts in the ontology. An algorithm is then proposed to use the concept sim-

ilarities in the ontology to compute the ontological similarities between profiles.

Finally, an algorithm that uses the ontological similarity for content-based tag-

aware personalized recommendation is proposed. The computational complexity

of these algorithms is also given and proved.

• We conduct extensive experiments based on a public dataset and evaluate the

performance of the proposed algorithms from three perspectives: tag disam-

biguation, tag-to-ontology allocation, and personalized recommendation. The
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experimental results show that (i) the proposed ontology-based solution greatly

outperforms (more than double performance) the state-of-the art baselines in

tag disambiguation; (ii) the proposed top-down traversal tag allocation strat-

egy is much more efficient (around five times quicker) than the existing tag

allocation strategy, while maintaining a similar allocation accuracy; (iii) the

proposed ontological-similarity-based recommender systems are more effective

than the state-of-the-art cosine-similarity-based and scalar-similarity-based rec-

ommender systems in content-based tag-aware personalized recommendations in

terms of all evaluation metrics; and (iv) although HDLPR-NS generally achieves

higher accuracy in tag-aware recommendation, it also has much higher com-

putational cost; therefore, ontological similarity is a reasonable disambiguation

alternative for light-weight recommender systems without powerful computing

capability.

Finally, we compare the proposed recommendation models to analyze their pros

and cons and also give some advice on their potential extensions and applications.

1.5 List of Publications

Six papers that are published or submitted during the period of my DPhil study are sum-

marized as below. The work on deep tag-aware personalized recommender systems

(presented in Chapter 4) has been published in IJCAI 2017 [3] and CIKM 2016 [5].

The work on location-aware personalized news recommender systems (presented in

Chapter 5) has been published in IEEE Aceess [2] and DASFAA 2017 [4]. The work

on ontology-based personalized recommender systems (presented in Chapter 6) has

been finished and submitted for publication in ACM TOIT [1].
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1.6 Outline

The rest of this thesis is organized as follows:

• Chapter 2 reviews the related literature and then compares and clarifies the dif-

ferences between the state-of-the-art solutions and the proposed methodologies

in all three sub-areas.

• Chapter 3 presents preliminaries, including the following critical concepts and

technologies: folksonomy, vector space model, personalized recommendation,

similarity measures, clustering, and autoencoders.

• Chapter 4 proposes a deep tag-aware personalized recommendation model, called

deep-semantic similarity-based personalized recommendation (DSPR) model, to

solve the uncontrolled vocabulary problem in social tags. Moreover, to ensure

scalability in practice, we further propose to improve DSPR by using hybrid deep

learning and negative sampling to achieve a very efficient deep model training;

the resulting model is called hybrid deep learning-based personalized recommen-

dation with negative sampling (HDLPR-NS) model. Finally, the experimental

study of DSPR and HDLPR-NS is also shown in this chapter.

• Chapter 5 focuses on location-aware news recommendation. We first identify

two drawbacks of the state-of-the-art location-aware news recommendation model,

ELSA. Then we propose three novel geographical topic feature models, CLSA,

ALSA, and DLSA, and a location-aware personalized news recommendation

with explicit semantic analysis (LP-ESA) model, to overcome these two short-

comings. Finally, we propose a hybrid model, LP-DSA, which is an integration

of ideas of LP-ESA and DLSA, and has the advantages of both improved models.
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The experimental studies on the proposed location-aware news recommendation

models are also shown in this chapter.

• Chapter 6 proposes ontology-based personalized recommender systems, which

utilize a ontological similarity measure to tackle the tag ambiguity and redun-

dancy problems without the need of model training. In this chapter, we first

develop a two-step top-down disambiguation algorithm to solve the tag ambi-

guity and redundancy problems by mapping tags to unique matching concepts

in the ontology. An algorithm is then proposed to use the concept similarities

in the ontology to compute the ontological similarities between profiles. Finally,

an algorithm that uses the ontological similarity for content-based tag-aware per-

sonalized recommendation is proposed. The computational complexity of these

algorithms is also given and proved. We also perform extensive experiments

based on a public dataset and evaluate the performance of the proposed algo-

rithms from three perspectives: tag disambiguation, tag-to-ontology allocation,

and personalized recommendation, in this chapter.

• Chapter 7 compares the proposed recommendation models and gives advice on

their relative merits and potential applications.

• Chapter 8 concludes the work in this thesis and discusses future work.
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CHAPTER 2

Literature Review

2.1 Recommender Systems

The past decades have witnessed a rapid growth of the World Wide Web, resulting

in an explosion of online information. Consequently, it is not possible for users to

go through all the information online to find out the really relevant ones. Therefore,

recommender systems, which filter out irrelevant online information and recommend to

users their preferred online resources, have been widely deployed in the industry, e.g.,

music recommendation on Last.fm, item recommendation on Amazon.com, and friend

recommendation on Twitter, and also attracted many research efforts in the areas of

music recommendation [42, 88, 115, 141, 158], movie recommendation [36, 95, 150,

170, 196], TV recommendation [16, 94, 129, 189], news recommendation [69, 80, 107,

187], book recommendation [46, 117, 151], document recommendation [126, 127, 134,

144], e-commence recommendation [37, 74, 100], e-learning recommendation [28, 47,
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60], and medical recommendation [68, 75, 193].

According to the different technologies used for recommendation, recommender

systems can be classified into two types: content-based filtering and collaborative fil-

tering. Content-based filtering systems [86, 128, 137, 183] utilizes the content infor-

mation of items to recommend the items that are similar to those a user liked previ-

ously, where the similarities between user and item profiles are computed to evaluate

their relevance. Collaborative filtering systems recommend to users items liked by

similar users using K nearest neighbor (KNN) [25, 63, 82] or model-based solutions,

e.g., matrix factorization [81, 108, 193], neural networks [45, 73, 173], and Bayesian

classifier [106, 121, 191].

As the first step of personalized recommendation, recommender systems have to

collect information about users’ preferences or interests, which are then used to per-

sonalize the recommendation list, i.e., recommended items are re-ranked to put items

that are more relevant to the user’s personal interests higher in the recommendation

list [147]. Users’ preferences or interests can be acquired by leveraging their informa-

tion that is either explicitly or implicitly provided.

Explicit user preferences are usually offered by the users directly by filling in pref-

erence information or providing positive or negative feedbacks for the given recom-

mendation results [111]. For example, users are requested to label items as “relevant”

or “not relevant” in [20], while numerical and symbolic ratings are given by users

in [145] and [122]. Consequently, the quality of the resulting user profile is strongly

correlated with the user’s willingness and capability to provide sufficient and appropri-

ate preference information, which thus results in very unstable recommendation per-

formances.

Consequently, as an effortless alternative, implicit user activity data, such as query
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history [87, 146, 149, 154], browsing history [157], the user’s current tasks [109] or in-

tents [159], and even eye-tracking during the search session [78] have been widely used

in the recommender systems of modern websites and applications, such as Google,

Amazon, Youtube and Facebook, to provide more information about user preference.

However, due to privacy, ethical, legal, or benefit reasons, these data are usually not

accessible for external parties. Specifically, by accepting a “user agreement”, users

may allow the service provider to collect and use their implicit activity data to create

better user experience, but it is normally prohibited to share these data with third par-

ties. Furthermore, for their own benefits, the IT companies are also generally reluctant

to release these data to other parties. Therefore, the need of publicly available and easy

accessible user data is compelling for the development of personalized recommender

systems on the Social Web.

Social annotations are ideal data for privacy-enhanced personalization for the fol-

lowing reasons [178, 195]: (i) Social annotations are usually publicly available online,

so they are generally easily accessible (with the permission of users and/or website

owners). (ii) Social annotations are provided by users directly as their individual opin-

ion about an online item, so the interests and preferences of users can be harvested by

the aggregation of their social annotations. (iii) The aggregation of tags assigned to an

item can be seen as the social summary of this item, which is helpful for recommending

items with little textual content. Consequently, as a privacy-enhanced personalization

technique, more and more research efforts have been put in personalized recommen-

dation using social annotations [31, 35, 54, 85].
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2.2 Recommendation Based on Deep Learning

Deep learning, also called deep structure learning, refers to a family of machine learn-

ing techniques that have a deep architecture. In the past decades, deep learning models

have repeatedly outperformed traditional shallow models, such as support vector ma-

chine (SVM) [118] or logistic regression [123], in many application domains, such as

computer vision and speech recognition [198].

To our knowledge, the first work that introduce deep learning to recommender sys-

tems is [136], where a restricted Boltzmann machine is used for collaborative-filtering-

based recommendation. Since then, a race has been witnessed in both academia and

industry to apply deep learning in various recommendation tasks [192], e.g., point-of-

interest (POI) recommendation [162, 163, 167, 181], music recommendation [77, 165,

169], image recommendation [90, 176], and vedio recommendation [45, 136]. In ad-

dition, an annual deep learning for recommender systems (DLRS) Workshop has been

organized since 2016 [79].

In the rest of this section, I will review and summarize the existing deep-learning-

based recommendation models, which are grouped according to the type of deep learn-

ing techniques. Furthermore, comparison will be done to the closely related works to

clarify their differences to the deep recommendation models proposed in this thesis.

2.2.1 Multilayer Perceptron

A multilayer perceptron (MLP) is a feed-forward neural network, consisting of an input

layer, an output layer, and multiple hidden layers. Due to its simplicity and efficiency,

MLP is widely studied in the research community [59, 62, 103, 168] and also deployed

for commercial uses [41, 45].
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In [62], a neural collaborative filtering model is constructed by combining MLP

with collaborative filtering to capture the relationship between users and items. This

model is then extended in [103] and [168] for cross-domain recommendations. [41]

also proposes a wide and deep learning model to employ MLP in recommending Apps

in Google play; the model has a wide learning part (consisting of a single layer per-

ceptron), aiming to capture direct features, and a deep learning part (consisting of a

multilayer perceptron), aiming to obtain abstract features. Chen et al. [39] extend [41]

with local connectivity and significantly enhance the model’s running efficiency. A

deep factorization machine (DeepFM) is proposed in [59] with a similar motivation

to [39] and [41]; DeepFM uses a MLP and a factorization machine to learn high-order

and lower-order features, respectively. Besides App recommendation in [41], MLP is

also used in [45] for video recommending in YouTube.

2.2.2 Convolutional Neural Network

Convolutional neural networks (CNNs) are a type of neural network that has convo-

lution and pooling layers. CNN is capable to efficiently extract both global and local

features from textual, image, and audio data.

CNN is used in [57] to recommend hashtags from microblogs. Besides a global

channel consisting of convolution and max-pooling layers, the model has a local atten-

tion channel, where words that are less informative is filtered out before going to the

next layer. Later, this model is also used in [143] (with some modifications on the last

few layers) to extract features from review texts. [199] proposes to combine CNN with

a factorization machine, which is applied as the final layer to capture the interactions

between users and items. Similarly, CNN is integrated with probabilistic matrix factor-

ization in [81] to learn more accurate feature representation with the help of contextual
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information.

Besides textual data, CNN is also used to extract image features for POI recom-

mendation in [167] and audio features for music recommendation in [43] and [165].

Although the recommendation in [43] is also hybrid, it is very different to the pro-

posed hybrid model HDLPR-NS: the things combined in [43] are the recommendation

strategies (it uses both collaborative and content-based filtering), while HDLPR-NS is

claimed to be hybrid, because it integrates two deep learning models (autoencoders and

deep semantic similarity models).

2.2.3 Recurrent Neural Network

Recurrent neural networks (RNNs) are a special kind of neural network that has loops

to remember previous information, which is good at capturing temporal or sequential

features. Long short term memory (LSTM) and gated recurrent unit (GRU) are the

most commonly used variants to avoid vanishing gradients.

Wu et al. [172] propose a recurrent recommender network to learn the seasonal fea-

ture evaluation of items and users over time. This model is further improved in [171]

to learn the features of ratings and reviews using LSTM. Bansal et al. [10] propose to

apply GRU for text recommendation, where text sequences are encoded into latent fac-

tor model by GRU and a multi-task learning strategy is used to overcome the sparsity

problem and to avoid over-fitting. Similarly, GRU is also used for news recommenda-

tion in [119], where it generates user representations from browsing histories.

Almahairi et al. [8] propose to use recurrent neural networks to model the repre-

sentations of user reviews, which are then used as a regularizer of a matrix factor-

ization model for recommendation. It is interesting that, differently from most other

deep-learning-based recommender systems, the use of RNN in [8] does not lead to
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an improved performance. I believe this is because RNN is used for a very different

purpose, i.e., regularization, in [8]. As we know, a strong point of deep learning mod-

els is their excellent capability in modelling effective feature representations, which is

usually very helpful to improve the recommendation performance. However, a very

effective and representative feature model is not necessary to be a good regularization

model. In contrast, great modelling power may undermine the model’s ability to act as

a regularizer; this is because regularization aims to bring in some noise and flexibility,

but the feature representations from deep models may be too accurate and certain to

cope with that.

2.2.4 Autoencoder

Autoencoders are unsupervised neural models that reconstructs its input data in the

output layer and learns abstract feature representations of the input data in the code

layer. Therefore, autoencoders are utilized in recommender systems to either predict

unknown ratings or learn abstract feature representations.

Sedhain et al. [142] propose an autoencoder-based recommender system, where

a partially filled user-item rating matrix is sent to autoencoders as inputs. By mini-

mizing the reconstruction errors of the known ratings, this model is capable to predict

the unknown ratings using the reconstructed rating matrix in the output layer. [142] is

extended by [155] and [156], which propose a hybrid recommendation model that inte-

grates collaborative filtering with autoencoders; this model overcomes the sparsity and

cold start problems using user profiles and item descriptions as additional information,

and it is also more robust by denoising. Besides rating prediction, the denoising au-

toencoder is also used for ranking prediction in [174]. These works all have a different

research purpose to our HDLPR-NS model: HDLPR-NS aims to efficiently learn ab-
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stract feature representations in the code layers of autoencoders, instead of predicting

ratings/ranking.

In [101], a deep collaborative filtering framework is proposed to improve the per-

formance of personalized recommendation by using autoencoders for feature represen-

tation learning. This model differs from HDLPR-NS in the following perspectives: (i)

[101] is not a tag-aware recommendation model, (ii) [101] is based on collaborative

filtering and our HDLPR-NS is content-based, and (iii) the model in [101] is trained to

minimize both the reconstruction errors in autoencoders and the matrix factorization

errors, such that two components both significantly influence the model’s training qual-

ity; however, as shown in our experimental study in Section 4.3, the recommendation-

oriented learning signal has the dominant effect on the training quality of the HDLPR-

NS model, while the reconstruction-error-based signal is mainly for enhancing training

efficiency.

Recently, [203] proposes another recommender system that utilizes autoencoders

to learn abstract feature representations of users. In [203], a user profile is first rep-

resented as vectors over tags; to overcome the sparsity, redundancy, and ambiguity

problems, the user profiles are sent to an autoencoder to learn abstract latent represen-

tation of users; based on the resulting abstract user profiles, a user-based collaborative

filtering is conducted for recommendation, i.e., the unknown rating of a user to an item

is estimated according to the ratings of his/her top-k most similar users to this item.

Among all the existing autoencoder-based recommender systems, [203] is the only one

that specially focuses on tag-aware recommendation and the uncontrolled vocabulary

problem in social tags space. Therefore, it is considered as the state-of-the-art in this

research question and used as a baseline to evaluate the recommendation performance

of our proposed DSPR and HDLPR-NS models.
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2.2.5 Other Related Work on Deep Learning

Similarly to DSPR and HDLPR-NS, deep-semantic similarity models are also used in

[72] for personalized recommendation using click-through data. Elkahky et al. [49]

then extend this model to a multi-view deep learning model for cross-domain user

modelling in recommendation. However, these models are very different from DSPR

and HDLPR-NS: (i) they are not tag-aware systems and not designed to solve the re-

dundancy, sparsity, and ambiguity problems in the tag space; (ii) hybrid deep learning

is not applied in these works to accelerate the convergence of the model; (iii) instead

of using negative sampling, these two works intentionally assume the number of can-

didate items to be very small (5 in [72] and 10 in [49]) to make the model trainable.

Obviously, this assumption is unreasonable in real-world situations. Negative sam-

pling is first introduced in the NLP community to learn word representation more ef-

ficiently [112]. To our knowledge, this is the first work which applies hybrid deep

learning and negative sampling to enhance the training efficiency of deep-semantic

similarity-based recommendation or search.

There exists a fundamental problem of using back-propagation to train neural net-

works with many hidden layers: when learning signals are backpropagated to the first

few layers, they become minuscule and insignificant, resulting in a very slow learning

progress and high probability of falling into bad local minima. A widely used solution

is to pre-train each layer before using back-propagation to fine-tune the entire deep

neural network [50], where the pre-training is usually done by restricted Boltzmann

machines (RBMs) [64, 65] or autoencoders [18]. Instead of using autoencoders for

pre-training, in Chapter 4, we propose to overcome the bottleneck of back-propagation

by directly integrating autoencoders into the network to generate additional learning

signals based on reconstruction errors. Here, hybrid deep learning is used individually
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to accelerate the deep model’s learning progress; but it can also be used as a comple-

ment of pre-training to speed up the learning process in the “fine-tuning” step.

2.3 Tag-Aware Personalized Recommendation

As for tag-aware personalized recommender systems, content-based filtering is espe-

cially important, as it allows recommender systems to incorporate additional tag in-

formation to help recommendation [26]. Consequently, content-based tag-aware per-

sonalized recommendation has been widely studied [30, 33, 164, 178, 203], where the

vector space model (VSM) [138] is the most widely adopted data model to construct

user and item profiles.

Specifically, Xu et al. [178] and Cantador et al. [33] propose to use the cosine

similarity of tag-based user and document profiles to personalize search and recom-

mendation results on the Social Web, respectively. The work by Xu et al. [178] is then

extended by Bouadjenek et al. [30], where a social matching score is introduced to

better summarize the content of a document and to add further information for social

resources with very little textual content (e.g., videos and images). In addition, Vallet

et al. [164] propose to use the scalar similarity as the metric for personalization, which

eliminates the user and the document profile length normalization factors in the cosine

similarity to avoid penalizing popular documents.

However, due to uncontrolled vocabularies, social tags are usually redundant, sparse,

and ambiguous, which leads to inaccurate similarity values and greatly degrades the

performance of content-based tag-aware recommendation systems. A solution to this

problem is to apply clustering in the tag space [148], such that redundant tags are

aggregated; this also reduces ambiguities, since tags in the same cluster share the
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same meaning. But tag clustering is usually time-consuming in practice, so another

solution is to use autoencoders [203], due to their capability to extract abstract rep-

resentations [17]. As they are the state-of-the-art solutions for the same problem as

the proposed DSPR and HDLPR-NS, these two methods are used as baselines in the

experiments in Chapter 4.

Besides content-based filtering solutions, tag-aware personalized recommendation

can also be achieved using collaborative filtering [32, 160, 197], graph-based ranking

approaches [56, 70], or hybrid approaches [55]. For example, [197] proposes to use

model-based collaborative filtering based on probabilistic matrix factorization for tag-

aware recommendation. In addition, a graph-based ranking solution, called FolkRank

is proposed in [70], which extends the PageRank algorithm to folksonomies, where

tags, users, and items are treated as nodes and are connected via assignments, and then

a weight passing scheme is used to derive the importance of these nodes.

2.4 Location-Aware Personalized News Recommenda-

tion

With the rapid development of the mobile network, more and more people tend to ac-

cess the Social Web via their mobiles or other handheld devices, e.g., tablets. The

wide use of mobile phones with positioning technology makes it easy for people to

broadcast their locations, which are very valuable information for location-aware rec-

ommendations [13, 91, 121, 140]: users’ location information can be used to accurately

recommend news articles [11, 180], events/activities [130, 200], friends [99, 139, 201],

advertisements [96, 182], tours [53, 188], or facilities [40, 190] according to the geo-

graphical contexts of users.
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Content-based news recommendation aims to recommend to users the news that

match their news interests best [44, 97]. Users’ interests in news are usually mod-

elled by their explicit ratings or browsing history (e.g., visited pages, reading times,

and downloading records) [21]. Both heuristic [7] and model-based methods [184, 89]

are proposed for content-based news recommendation: the former are mainly based

on mathematical or statistical measurements (e.g., cosine similarity and Euclidean dis-

tance), while the latter make use of machine learning techniques or mathematical mod-

els (e.g., Bayesian networks and decision trees). For example, Abel et al. [7] proposes

to combine news with information on the social media (e.g., tweets) to construct three

kinds of user profiles, and then computes the cosine similarity between user profiles

and news articles for personalized news recommendation. Yeung et al. [184] uses

Bayesian networks to predict levels of users’ interesting news categories, which are

then used to provide real-time personalized news recommendation; while a decision

tree model is utilized to predict user preferences for news recommendation in [89].

However, in the era of mobile and wireless networks, users’ news preferences are

also influenced by their geographical contexts, i.e., people usually pay more attention

to the news that happened nearby than those far from them. Therefore, more and

more research efforts have been put into location-aware news recommendation, which

mainly focuses on two research directions: physical distance-based [11, 12, 23, 131,

135] and geographical topic-based [24, 51, 152, 153, 186].

As for physical distance-based news recommendation, GeoFeed [11] and Geo-

Rank [12] recommend to users some news articles happening at the users’ current

locations or within a given range, where GeoRank uses only static location points of

both users and news, and GeoFeed allows news with spatial extent; Pedro et al. [135]

utilizes the Euclidean distance between user and news locations to measure the impor-
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tance of news; LocaNews [23, 131] provides three versions of news and offers to users

the most suitable ones according to their different distances to the news locations; Wen

et al. [179, 180] proposes a news stream recommendation framework, called Mob-

iFeed, to further study news recommendation according to users’ moving tracks.

However, in the real-world context, the description of event locations in many news

articles are very vague and general (mentioning only a city or suburb); so, obtaining

accurate GPS information for this kind of news is very difficult and sometimes even

impossible. Consequently, the application of physical distance-based methods is heav-

ily limited.

As for more generic location-aware news recommendation, geographical topic-

based methods are proposed [24, 51, 152, 153, 186]. Instead of using GPS coordi-

nates, the locations are described using topic vectors, and the relevance of a news

article to a user is measured by the similarity between the topic vectors of the news

and the current location of the user. Therefore, the topic representations of loca-

tions are crucial for topic-based location-aware news recommendation, and a range of

topic models, such as latent Dirichlet allocation (LDA) [24], explicit semantic analy-

sis (ESA) [51], probabilistic latent semantic analysis (pLSA) [202], and their improved

models [116, 152, 153, 185, 186], has been used for geographical topic-based location-

aware new recommendation. For example, Son et al. [153] uses probabilistic explicit

semantic analysis (PESA), an improved ESA geographical topic model, to extract geo-

topics based on Wikipedia concepts and the links between concepts. Zhou et al. [202]

uses a multi-modal location-dependent pLSA (mLD-pLSA) to learn geo-topics from

location-related news and visible content (e.g., images).

The state-of-the-art geographical topic-based location-aware news recommenda-

tion method is explicit localized semantic analysis (ELSA) [152], which is reported
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to outperform many other geographical topic-based methods. ELSA is an ESA-based

method and is the most similar location-aware news recommendation solution to the

work in Chapter 5. But ELSA is different from our work in the following aspects:

(i) The proposed LP-ESA in Chapter 5 captures not only the location information but

also the personal interests of users for news recommendations, while ELSA is solely

based on the location. (ii) Clustering, autoencoders and recommendation-oriented

neural networks are used by CLSA, ALSA, and DLSA, respectively, to solve high-

dimensionality, sparsity, and redundancy problems in ELSA. (iii) We propose a hybrid

model LP-DSA in Chapter 5 to combine and take advantages of DLSA and LP-DSA.

Thus, the proposed location-aware recommendation models in Chapter 5 achieve much

better performance than ELSA.

ELSA is based on location information only; so, they recommend news solely

based on users’ locations, but regardless of the users’ personal interests (i.e., non-

personalized). Thus, different users in the same location will receive the same recom-

mendation, which is unreasonable in practice.

To our knowledge, the apatial topical preference model (STPM) [116] is the only

location-aware news recommendation system that considers both the locations and per-

sonal interests of users. However, there also exist some differences between STPM and

the proposed LP-ESA in Chapter 5. (i) STPM is an LDA-based method, so all textual

content in STPM is represented by latent topics, while LP-ESA is ESA-based, so texts

are represented with a Wikipedia-based explicit topic space. (ii) More importantly,

STPM has a cold start problem: the localized user profiles in STPM are directly learned

using the users’ history data on the corresponding locations (e.g., home or office), so it

fails when users travel to a new place; to avoid this problem, the localized user profiles

in LP-ESA are inferred by the users’ general profiles (modeled with users’ entire his-
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tory data) and the local topic distributions of locations; therefore, LP-ESA overcomes

the cold start problem and is applicable to recommend news articles at new locations.

2.5 Ontology-Based Personalized Recommendation

An ontology is a formal specification of the types, properties, and interrelationships

of the entities for a particular domain of discourse [58]. Since ontologies are usually

constructed based on the consensus of domain experts, they are highly reliable and

structured knowledge bases, having a wide range of applications. However, the number

of domain ontologies are huge, and their content is various and usually inconsistent

[48], so in order to integrate ontologies from different sources, many metrics have

been proposed to quantify the semantic relevance between concepts in the ontologies.

Rada et al. [132] use the length of the shortest path between two concepts to mea-

sure their likeness, while the solutions proposed by Wu and Palmer [175] and Ganesan

et al. [52] use the relative depths of two concepts and their least common ancestor.

Similarly, Jiang and Conrath [76] and Lin [104] propose to use the information content

of two compared concepts and their least common ancestor to calculate the similarity

between the two concepts. Li et al. [102] propose to combine the shortest path with

the depth of ontology information to estimate the similarity non-linearly. As for on-

tologies containing non-taxonomic semantic links, Hirst and St-Onge [66] extend the

taxonomic solution and take into account the number of times that the link direction

changes, such that the more changes in the directions of relations on the shortest path,

the lower the likeness. Differently, our aim in Chapter 6 is not to propose new con-

cept similarity metrics, but to exploit the existing ontology-based concept similarities

to propose a novel similarity metric to solve the ambiguity and redundancy problems
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in tag-aware personalized recommendation without the need of model training.

Some existing works try to connect folksonomies with ontologies, and propose

strategies to solve the co-occurrence problem in the tag-to-ontology allocation. Specif-

ically, Han et al. [61] take the open directory project (ODP) taxonomy1 as underlying

ontology, since each concept in ODP contains a set of references to related online

documents. To solve the multiple occurrence problem, they propose to view these ref-

erences as context, and define the most appropriate concept as the one associated with

the highest number of references. However, this method has some limitations: first,

the tag allocation is static, i.e., the most appropriate concept is fixed for each tag; sec-

ond, not all ontologies contain this kind of statistic information as ODP. The use of

this method is thus restricted. A more dynamic and adaptive strategy is proposed by

Angeletou et al. [9] based on Wu and Palmer’s similarity [175]: it first maps the given

tag to all possible candidate concepts and then uses the contextual information of its

tagset to identify the most relevant concept by computing the similarity of all combi-

nations of tags in this tagset using Wu and Palmer’s similarity in the ontology. Given

two tags with more than one matching concept for each of them, this method selects

the two concepts having the highest Wu and Palmer’s similarity value above a prede-

fined threshold. As an alternative method to adaptively map tags to ontologies, the

strategy in [9] will be considered as the competitor of the proposed top-down traversal

tag allocation strategy in the evaluation.

There are also some studies that integrate ontologies with folksonomies for per-

sonalized search or recommendation. For example, Han et al. [61] investigate how to

use domain ontologies to model semantically more intuitive user profiles, and Mova-

hedian and Khayyambashi [114] propose a tag-aware recommender system based on

1http://www.dmoz.org/
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Figure 2.1: Difference between the proposed approach and the state of art

user and document profiles that are both semantically enriched by an external knowl-

edge base. Taxonomies are also leveraged in [71] to generate semantic resource pro-

files for personalized social tag recommendation. In summary, the purpose of the

above works is to solve the profile modelling problem in personalized search or rec-

ommendation by using ontological information to model semantically enriched user

or resource profiles—however, the metrics used in the above works to compute the

similarity between the enriched profiles are still the conventional ones. Therefore,

the personalized ordering is done by following the procedure (1) → (2) → (3), as

shown in Figure 2.1. On the other hand, ontologies in the work of Chapter 6 are used

to solve the ambiguity and redundancy problems in the social tag space, where an

ontological similarity measure is proposed to leverage domain ontologies to disam-

biguate tags and compute semantically more accurate similarity scores between user

and document profiles (so, the personalized ordering procedure in the work of Chap-

ter 6 is (1) → (4) in Figure 2.1). Thus, we actually leverage ontological information

to solve different problems in personalized search and recommendation, and our pro-

posed techniques can be orthogonally combined with all the above works to obtain a

further enhanced tag-aware personalized recommendation (resulting in a hybrid order-

ing procedure (1)→ (2)→ (1)→ (4)).

Furthermore, there are some works to disambiguate tags in folksonomies. Cat-

tuto et al. [38] propose to measure the relatedness between tags using a tag-tag co-
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occurrence graph, a FolkRank solution, and three distributional measures with three

different vector space representations (tag context, document context, and user con-

text) of tags, where the cosine similarity is used to estimate the similarity between

vectors. Consequently, this work allows to disambiguate synonyms and homonyms

using their most related tags. Furthermore, the distributional measures are extended

with different aggregation methods (e.g., projection and macro-aggregation) in [110],

where other similarity metrics (e.g., Jaccard and Dice and mutual information) are also

introduced. To evaluate the performance of the proposed ontology-based solution in

disambiguating tags, these existing approaches will be used as baselines in the experi-

ments in Chapter 6.

Using the ontological similarity for tag disambiguation is also similar to the word

sense disambiguation to Wikipedia, or simply disambiguation to Wikipedia (D2W) [133].

Generally, the goal of D2W is to disambiguate a set of explicitly identified substrings,

e.g., words or phrases, in a given document by mapping each substring to a Wikipedia

article. D2W also suffers from the multiple occurrence problem: a substring may

be mapped to multiple Wikipedia articles. To solve this problem, many works [92,

93, 113, 133] have been proposed to utilize the unambiguous substrings (substrings

mapped to a unique Wikipedia article) in the same document and their mapped Wikipedia

articles as semantic context to disambiguate the ambiguous substrings. In order to im-

prove accuracy, Li et al. [93] also introduce a confidence score in disambiguation

and use high-confidence disambiguated substrings as additional context to improve the

disambiguation accuracy of low-confidence disambiguated substrings.

Therefore, it seems to be possible to apply D2W solutions for tag disambiguation

by using Wikipedia as the underlying ontology (seeing articles as concepts, connected

by hyperlinks or categories), and then utilizing the uniquely matched co-occurring tags
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as context to disambiguate the tags with multiple matching concepts/articles. However,

in folksonomies, each user usually only annotates a document with only a few (1-3)

tags, and the portion of tags that can be uniquely matched to the ontology is usually

quite small (e.g., in the experiments, only 10.2% of tags in the Delicious dataset are

uniquely matched to ODP; and more than half of the user and document profiles in the

experiments have less than 3 uniquely matched tag); so, using only uniquely matched

tags as in the D2W works [92, 113, 133] usually can not provide sufficient context

for tag disambiguation. Therefore, in Chapter 6, we propose to use all tags that can

be matched in the ontology as context to ensure sufficient contextual information for

disambiguation. In addition, Wikipedia is not strictly hierarchical; so using Wikipedia

as the underlying ontology will make some very effective tree-structure-based concept

similarity metrics (e.g., the relative depth concept similarity [52]) and the efficient

top-down traversal tag allocation strategy become invalid. Consequently, due to its

damage to the recommendation effectiveness and efficiency, Wikipedia is not used as

the underlying ontology in our work in Chapter 6.



CHAPTER 3

Preliminaries

3.1 Folksonomy

A social tagging system is an online system on the Social Web that enables users to

create tags to annotate and categorize Social Web resources, such as Web pages, songs,

and videos. This practice is called social tagging or collaborative tagging, while the

classification systems derived from social tagging activities are known as folksonomies.

Formally, a folksonomy is a tupleF = (U, T, I, A), where U , T , and I are sets of users,

tags, and items, respectively, and A ⊆ U × T × I is a set of assignments (u, t, i) of

a tag t to an item i by a user u [70]. An example of a folksonomy resulting from the

tagging activities in a social tagging system is shown in Figure 3.1, where (i) u1 uses

two tags, Apache and Jaguar, to annotate the item i1, and (ii) u2 uses two tags, Jaguar

and Mammal, to annotate i2. Given this folksonomy, we have U = {u1, u2}, T =

{Apache, Jaguar,Mammal}, I = {i1, i2}, and A = {(u1, Apache, i1), (u1, Jagu-

38
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Figure 3.1: Example of a folksonomy

ar, i1), (u2, Jaguar, i2), (u2,Mammal, i2)}.

3.2 Vector Space Model

The vector space model (VSM) [138] is widely used to model the user and item profiles

as weighted vectors of tags. Precisely, a user’s profile is usually obtained by aggregat-

ing the social tags assigned by this user to all the online items; and it is represented as

a weighted vector of tags, where each dimension corresponds to a tag applied by this

user, and the weight value of each dimension is influenced by the number of times that

the tag is applied by the user. Formally, an user profile is a feature vector as follows:

xu = {gu1 , gu2 , . . . , guj , . . . , guM},

where M = |T | is the tag vocabulary’s size, and guj = |{(u, tj, i) ∈ A | i∈ I}| is the

number of times that user u annotates items with tag tj [33].

Similarly, an item’s profile is obtained by aggregating the social tags assigned to

this item by all users; and it is also represented as a weighted vector, where the weight

of each dimension is influenced by the number of times the item is annotated with the
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corresponding tag. Formally, an item profile is defined as the following vector:

xi = {gi1, gi2, . . . , gij , . . . , giM},

where gij = |{(u, tj, i)∈A | u∈U}| is the number of times that item i is annotated

with tag tj .

Since users can only assign limited number of tags, the values of most dimensions

in both user and item profiles are 0. Therefore, to keep it simple and clear for pre-

sentation, in this thesis, we omit the dimensions whose corresponding weights are 0;

consequently, although the dimensions of all user and item profiles are the same, in

this thesis, the user profile is written as

xu = {(tu1 , wu1), . . . , (tuj , wuj ), . . . , (tumu
, wumu

)},

and the item profile is written as

xi = {(ti1 , wi1), . . . , (tij , wij ), . . . , (timi
, wimi

)},

where tuj (resp., tij ) is the tag in the user (resp., item) profile, wuj (resp., wij ) is the

number of times that user u annotates items using tag tuj (resp., item i is annotated by

tag tij ), and mu (resp., mi) is the number of different tags used by u (resp., assigned to

i). For example, the user profiles in Figure 3.1 are xu1 = {(Apache, 1), (Jaguar, 1)},

xu2 = {(Jaguar, 1), (Mammal, 1)}; while the item profiles are xi1 = {(Apache, 1),

(Jaguar, 1)}, and xi2 = {(Jaguar, 1), (Mammal, 1)}.
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3.3 Personalized Recommendation

Given a user u and a set of items I = {i1, · · · , in}, personalized recommendation

is to produce a ranked recommendation list τ = [i1 > i2 > · · · > in] s.t. ia> ib iff

Rlv(u, ia)>Rlv(u, ib), where Rlv(u, i) is a function measuring how relevant an item

i is to the user u. In content-based filtering, Rlv(u, i), is usually computed by the

similarity between the user profile, xu, and item profile, xi. Formally,

Rlv(u, i) = Sim(xu, xi). (3.1)

Furthermore, given a set of news V = {v1, · · · , vn} and a user u at location l,

location-aware personalized news recommendation is to generate a ranked recommen-

dation list {v1 � v2 � · · · � v|V |} for all news items, s.t., vi � vj iff Ru,vi,l > Ru,vj ,l,

where Ru,v,l is a score measuring the relevance of news v to user u at location l. In

content-based filtering, Ru,v,l is usually computed by the similarity of the localized

user profile Φu,l and the localized news profile Φv,l. Formally,

Ru,v,l = Sim(Φu,l,Φv,l). (3.2)

3.4 Similarity Measures

Obviously, the performance of personalized recommendation depends greatly on the

effectiveness of the adopted similarity measures in Sim(xu, xi) and Sim(Φu,l,Φv,l).

Therefore, I now briefly discuss two state-of-the-art similarity measures for person-

alization, namely, cosine similarity and scalar similarity, which are also used as base-

lines in the experimental evaluation of Chapter 6.

The most widely adopted similarity measure in content-based personalized rec-
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ommendation is the cosine similarity [32, 33, 178]. Following the above VSM ap-

proach, the cosine similarity between a user profile xu and a item profile xi, denoted

SimCosine(xu, xi), is formally defined as follows:

SimCosine(xu, xi) =
xu · xi
‖xu‖‖xi‖

,=

∑n
j=1(wuj · wij )√∑n

j=1(wuj )
2 ·
√∑n

j=1(wij )
2
, (3.3)

where n = |T | is the number of different tags, and every wuj (resp., wij ) is the weight

of tag tuj (resp,. tij ) in profile xu (resp., xi).

Later, Vallet et al. [164] proposed the so-called scalar similarity, which is similar

to the cosine similarity, except that it eliminates the user and the item profile length

normalization factors. In the classic VSM, the finality of the length normalization

factor is to penalize the score of items that contain a high amount of information, and

might have matched the query only by chance. In terms of a social tagging system, a

high amount of related tags is correlated with the popularity of the items among users.

Hence, if we used a length normalization factor, we would penalize the score of popular

items. As several works point out, this popularity value is a good source of relevancy

[14, 70]. Thus, Vallet et al. argue that it would not be advisable to penalize popular

items. Formally, the scalar similarity between a user profile xu and a item profile xi,

denoted SimScalar(xu, xi), is defined as follows:

SimScalar(xu, xi) = xu · xi =
∑n

j=1(wuj · wij), (3.4)

where n and all wuj and wij are defined as above.
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ALGORITHM 1: HierarchicalAgglomerativeClustering(T, s, dc)

Input: A set of tags T and a stopping threshold ST
Output: a set of clusters

1 Assign each tag to its own singleton cluster;
2 do
3 Computer the similarities between remaining clusters;
4 join the two clusters with the highest similarity value;
5 while number of remaining clusters is larger than ST ;
6 return the resulting set of clusters

3.5 Clustering

Clustering is to group a set of objects such that objects in the same group (called clus-

ter) are more similar (in some sense) to each other than to those in other groups (clus-

ters). There are many kinds of clustering models, such as hierarchical clustering and

k-means clustering. The work in [148] has proven that hierarchical clustering achieves

much better performance than k-means clustering in the personalized recommendation

using social annotations. Therefore, hierarchical clustering is used in this work.

Hierarchical clustering is a kind of clustering model, aiming to build a hierarchy of

clusters. There are generally two strategies for hierarchical clustering: agglomerative

(bottom-up) and divisive (top-down), where agglomerative strategy is more commonly

used because of its computation efficiency.

The process of hierarchical agglomerative clustering is shown in Algorithm 1. The

input tags are represented as a weight vector over the set of the corresponding resources

(e.g., items in Chapter 4 and news in Chapter 5). The similarity between two clusters

A and B is computed as follows.

Simclustering(A,B) =

∑
a∈A

∑
b∈B Sim(a, b)

|A| · |B|
, (3.5)

where a and b are tags in clusters A and B, respectively; | · | is size of a cluster.
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Figure 3.2: Overview of an autoencoder

3.6 Autoencoder

An autoencoder is a neural network used to learn a feature representation (also called

encoding) for a set of data, which is commonly used for dimensionality reduction.

As shown in Figure 3.2, an autoencoder is a feed-forward neural network, con-

sisting of two parts: encoder and decoder. Generally, the encoder takes inputs x at

the input layer and then passes them through multiple hidden layers and projected to

abstract feature representations x̃u at the code layer; then, x̃u is used as inputs of the

decoder to generate reconstructed representation of x (denoted x′) at the output layer.

The training of an autoencoder is to minimize the reconstruction errors which are com-

puted as the Euclidean (i.e., L2) norms of the differences between x and x′; formally,

Lautoencoder(Θ) = ‖x− x′‖. (3.6)
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Specifically, given a weight matrixW1, and a bias vector b1, the intermediate output

h1 of the first hidden layer at the encoder is formally defined as follows:

h1(x) = σ(W1x+ b1), (3.7)

where σ is the selected activation function, where sigmoid function or hyperbolic tan-

gent (denoted tanh) function is commonly used.

Similarly, the intermediate output of the jth hidden layer hj , j ∈ {2, . . . , K} at the

encoder, is defined as:

hj(x) = σ(Wjhj−1(x) + bj), (3.8)

where Wj and bj are the weight matrix and the bias vector for the jth hidden layer, and

K is the total number of hidden layers. The outputs of the Kth hidden layer are the

abstract feature representations x̃. Formally,

x̃ = hK(x). (3.9)

As for the decoders, since a tied-weight strategy is adopted, the weight matrices

in the decoder are the transposes of those in the encoder. Therefore, the intermediate

output of theK+jth hidden layer hK+j , j ∈ {1, . . . , K−1} at the decoder, is formally
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defined as:

hK+j(x) = σ(W T
K−(j−1)hK+(j−1)(x) + bK+j) (3.10)

where W T
K−(j−1) is the transpose of WK−(j−1), and bK+j is the bias vector for the

K + jth hidden layer. The outputs of the 2K − 1th hidden layer are used to generate

reconstructed representations x′ in the output layer:

x′ = σ(W T
1 h2K−1(x) + b2K). (3.11)
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CHAPTER 4

Deep Tag-Aware Personalized

Recommender Systems

Despite the huge prevalence of social tags, an outstanding problem of using tags for

personalized recommendation is the uncontrolled vocabulary problem: as users can

freely choose their own vocabulary, social tags may contain many uncontrolled vocab-

ularies, such as homonyms, synonyms, words in arbitrary languages, or even user-

created words. This usually results in very sparse, redundant, and ambiguous tag

information, which greatly degrades the performance of tag-aware recommendation

systems.

A solution to this problem is to apply clustering in the tag space [148]; however,

clustering requests to compute the similarity between tags, which is usually very time-

consuming. Another solution is to use autoencoders; in [203], abstract feature repre-

sentations for tag-based user profiles are first modeled by autoencoders and then used
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as inputs of user-based collaborative filtering to generate recommendations. Although

this method is reported to achieve better performance than the clustering-based collab-

orative filtering method [203], it still suffers from the following drawback: the model’s

learning signal is not directly related to the objective of personalized recommendation,

i.e., distinguishing the user’s target items from the irrelevant ones; so, the resulting ab-

stract feature representations are not very effective for personalized recommendation.

Consequently, its improvement in personalized recommendation is not very significant.

Motivated by the above observations, in this chapter, we address the uncontrolled

vocabulary problem by using deep neural networks to map the tag-based user and item

profiles to an abstract deep feature space, where the similarities between users and

their target items (resp., irrelevant items) are maximized (resp., minimized). We call

the similarities on the deep feature space deep-semantic similarities and this model the

deep-semantic similarity-based personalized recommendation (DSPR) model.

Despite achieving superior performance, the training of the DSPR model is usu-

ally very time-consuming in practice, mainly because DSPR has many hidden layers

and a huge number of candidate items, which result in the vanishing gradient prob-

lem and scale problem. Therefore, we further propose to solve these problems by

hybrid deep learning and negative sampling, respectively. With both improvements,

the resulting hybrid deep learning-based personalized recommendation with negative

sampling (HDLPR-NS) model becomes very efficient in model training (hundreds of

times quicker than DSPR), whilst maintaining superior recommendation performance.

The rest of this chapter is organized as follows. The DSPR model is proposed in

Section 4.1. Section 4.2 further proposes HDLPR-NS to uses hybrid deep learning and

negative sampling to enhance the deep model’s training efficiency. Finally, experimen-

tal results are presented and evaluated in Section 4.3.
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4.1 Deep-Semantic Similarity-Based Personalized Rec-

ommendation

Figure 4.1 shows an overview of the deep-semantic similarity-based personalized rec-

ommendation (DSPR) model. Generally, DSPR takes the tag-based user and item pro-

files xu and xi (as defined above) as inputs of two deep neural networks with shared

parameters. These inputs are then passed through multiple hidden layers and projected

into an abstract deep feature space on the final hidden layer, where the similarities

between the abstract representations of user and item profiles are computed. Finally,

ranked recommendation lists are generated using relevance scores, computed by ap-

plying the softmax function on the resulting similarities.

The motivation behind sharing parameters in DSPR is as follows: (i) As in all

the existing content-based tag-aware recommender systems [33, 148, 203], users and

items in DSPR are described using the same set of tags from the same folksonomy; so,
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the user and item profiles share the same tag space and the same value range in each

dimension, and it is thus reasonable to use shared parameters to reduce computational

and memory costs in model training. (ii) Shared parameters ensure that the two neural

networks share an abstract feature space in the final layer, where users and items are

represented using the same features, which is beneficial for measuring their relevance

in content-based recommendations.

Formally, given the user profile xu, the item profile xi, a weight matrix W1, and a

bias vector b1, the intermediate output h1 of the first hidden layer is defined as follows:

h1(u) = tanh(W1xu + b1), (4.1)

h1(i) = tanh(W1xi + b1), (4.2)

where tanh is used as the activation function. Similarly, the intermediate output of the

jth hidden layer hj , j ∈ {2, . . . , K}, is defined as:

hj(u) = tanh(Wjhj−1(u) + bj), (4.3)

hj(i) = tanh(Wjhj−1(i) + bj), (4.4)

where Wj and bj are the weight matrix and the bias vector for the jth hidden layer,

and K is the total number of hidden layers. The outputs of the Kth hidden layer

are the abstract feature representations of user and item profiles, denoted x̃u and x̃i,

respectively. Formally,



51

x̃u = hK(u), x̃i = hK(i). (4.5)

Then, the similarity between a user u and an item i is measured using the cosine

similarity between the abstract representations of their profiles, formally defined as

Sim(u, i) =
x̃u · x̃i
‖x̃u‖‖x̃i‖

, (4.6)

and called deep-semantic similarity.

Finally, the relevance scores [72] of items i to a given user u are measured by

applying the softmax function on the resulting deep-semantic similarities between u

and i, which are then used to rank a personalized recommendation list for the given

user u. Formally,

Rlv(u, i) =
eSim(u,i)∑
i′∈I e

Sim(u,i′)
. (4.7)

Given an assumption that the target items of a given user are those annotated by this

user, to achieve good personalized recommendation, these items should have higher

relevance scores than others. We thus conduct the model training with an objective to

maximize the relevance scores of target items; equivalently, this means to maximize

the deep-semantic similarities between users and their target items and minimize those
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with irrelevant ones. Formally, this is equivalent to minimizing the following loss

function:

L(Θ) = −
∑

(u,i∗)

log(Rlv(u, i∗))

= −
∑

(u,i∗)

[
log(eSim(u,i∗))− log(

∑
i′∈I

eSim(u,i′))

]
, (4.8)

where Θ represents the parameters Wj and bj in the neural networks; (u, i∗) are train-

ing samples, which are pairs of a user u and his/her target item i∗, generated from

assignments (u, t, i∗) in a training dataset.

In training, we first initialize the weight matrices Wj , using the random normal

distribution, and initialize the biases bj to be zero vectors; the model is then trained by

back-propagation using mini-batch gradient descent; finally, the training stops when

the model converges or reaches the maximum training runs.

4.2 Hybrid Deep Learning-Based Personalized Recom-

mendation with Negative Sampling

DSPR’s learning signal is directly correlated with differentiating the user’s target items

from the irrelevant ones, so it achieves superior performance in personalized recom-

mendation. However, since there are many hidden layers in deep neural networks and a

huge number of candidate items, the training of DSPR is usually very time-consuming

in the real-world context. Therefore, to enhance DSPR’s training efficiency and ensure

the scalability in practice, we propose to use hybrid deep learning and negative sam-
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Figure 4.2: Overview of HDLPR

pling [112] to reduce the number of training runs needed for model convergence and to

reduce the processing time needed for each training run, respectively. The resulting ef-

ficient model is called hybrid deep learning-based personalized recommendation with

negative sampling (HDLPR-NS).

4.2.1 Hybrid Deep Learning

Training deep neural networks using back-propagation is difficult, because the learn-

ing signals become minuscule and insignificant when they are backpropagated to the
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first few layers, which results into a very slow learning progress and numerous training

runs for model convergence. This problem is called diffusion or vanishing of gradi-

ents, which can be remedied by pre-training each layer before using back-propagation

to fine-tune the entire network [18, 65]. In this work, we propose a new solution, called

hybrid deep learning, which is based on the idea of integrating autoencoders with the

neural networks of DSPR to generate additional learning signals based on reconstruc-

tion errors, which is then combined with the deep-semantic similarity-based relevance

scores in DSPR to form a hybrid deep learning signal for model training. The model is

called hybrid deep learning-based personalized recommendation (HDLPR).

Intuitively, for the following reason, adding reconstruction errors as learning sig-

nals can greatly accelerate the deep model’s learning progress and reduce training runs

needed for model convergence: In DSPR, the deep-semantic similarity-based learning

signal becomes very weak when it is back-propagated to the first few layers, so learn-

ing the first few weight matrices, e.g., W1 and W2, is very slow. In HDLPR, since

tied weights are used in autoencoders, i.e., the weight matrices in the decoder are the

transposes of those in the encoder, the reconstruction-error-based learning signal will

be used to first update W T
1 , then back-propagated to updating W T

2 , W T
3 , and so on.

As updating W T
j is equivalent to updating Wj , it remedies the diffusion of gradients in

DSPR.

Figure 4.2 shows the overall process of the proposed hybrid deep learning-based

personalized recommendation (HDLPR) model. The structure of HDLPR is similar to

the one of DSPR, but adds K layers to form a decoder; so, by taking the first K+1

layers as encoder, we convert each neural network to an autoencoder with tied weights.

Then, the decoders take the abstract feature representations of user and item profiles, x̃u

and x̃i, as input and generate reconstructed user and item profiles in their output layers,
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denoted x′u and x′i. Finally, the reconstruction errors of user (resp., item) profiles are

computed as the Euclidean (i.e., L2) norms of the differences between xu (resp., xi)

and x′u (resp., x′i).

Formally, the definitions of layers in encoders are the same as the ones in the neural

networks of DSPR. As for the decoders, the intermediate output of the K + jth hidden

layer hK+j , j ∈ {1, . . . , K − 1}, is formally defined as:

hK+j(u) = tanh(W T
K−(j−1)hK+(j−1)(u) + bK+j), (4.9)

hK+j(i) = tanh(W T
K−(j−1)hK+(j−1)(i) + bK+j), (4.10)

where W T
K−(j−1) is the transpose of WK−(j−1), and bK+j is the bias vector for the

K + jth hidden layer. The outputs of the 2K − 1th hidden layer are used to generate

reconstructed user and item profiles, denoted x′u and x′i, in the output layer:

x′u = tanh(W T
1 h2K−1(u) + b2K), (4.11)

x′i = tanh(W T
1 h2K−1(i) + b2K), (4.12)

Then, the reconstruction errors of user (resp.,item) profiles are computed as the Eu-

clidean (i.e., L2) norms of the differences between xu (resp., xi) and x′u (resp., x′i). By

integrating the reconstruction errors with the deep-semantic similarity-based relevance

scores in DSPR, the training objective of HDLPR is to maximize the relevance scores

of target items and also to minimize the reconstruction errors of the user and target item
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profiles in each training sample. Formally, it is equivalent to minimize the following

hybrid loss function.

Lh(Θ) = λθ

 K∑
j=1

‖Wj‖2 +
2K∑
j=1

‖bj‖2


+ λe
∑

(u,i∗)

(‖x′u − xu‖+ ‖x′i∗ − xi∗‖)

− (1− λθ − λe)
∑

(u,i∗)

[
log(eSim(u,i∗))− log(

∑
i′∈I

eSim(u,i′))

]
, (4.13)

where the first term is a L2 regularization used to prevent overfitting; the second term

is the sum of reconstruction errors of the user and target item profiles in each train-

ing sample; and the third term is the deep-semantic similarity-based learning signal,

L(Θ), as defined in Equation (4.8); λθ and λe are parameters representing different

importances of the corresponding terms, where λe > 0, λθ > 0, and λθ + λe < 1.

4.2.2 Negative Sampling

Although hybrid deep learning greatly reduces the number of training runs needed for

model convergence, the processing of each training run in both DSPR and HDLPR is

still very time-consuming, since the deep-semantic similarity-based loss function L(Θ)

as defined in Equation (4.8), which is also the third term of Lh(Θ) in Equation (4.13),

is computationally very expensive.

Specifically, for each training sample (u, i∗) in each training run, the second term

of L(Θ) requests to compute and sum the deep-semantic similarities between u and all

candidate items in I . In practice, the number of candidate items for an online recom-
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mendation system is usually very large (millions), and training a deep neural network

often requires numerous training samples; therefore, the cost of processing each train-

ing run in both DSPR and HDLPR is very high. However, this term is essential: with

its help, minimizing L(Θ) not only maximizes the deep-semantic similarity between

the given user and his/her target items, but also minimizes those with irrelevant items.

Consequently, it helps to distinguish the target item from the irrelevant ones.

To tackle this dilemma, in this work, we use negative sampling [112] to greatly re-

duce the time needed to process each training sample. In negative sampling, instead of

using all irrelevant items, for each training sample, we randomly sample only a small

number (S) of irrelevant items from the set of candidate items as negative examples

to approximate the noise of irrelevant items and to differentiate target items from ir-

relevant ones. The resulting efficient model is called HDLPR with negative sampling

(HDLPR-NS); and its loss function is formally defined as follows:

LNSh (Θ) = λθ

 K∑
j=1

‖Wj‖2 +
2K∑
j=1

‖bj‖2


+ λe
∑

(u,i∗)

(‖x′u − xu‖+ ‖x′i∗ − xi∗‖)

− (1− λθ − λe)
∑

(u,i∗)

log(eSim(u,i∗))− log(
∑

(u,i−)∈D−
eSim(u,i−))

 , (4.14)

where (u, i−) are negative samples, which are contained in a negative dataset D− and

generated by randomly sampling S negative examples i− for each training sample

(u, i∗).



58

4.3 Experiments

To show the strength of the proposed DSPR and HDLPR-NS models in solving the

uncontrolled vocabulary problem and offering superior personalized recommendation

performance, we use the following three models based on state-of-the-art solutions for

the same problem, clustering [148] and autoencoders [203], as baselines:

• Clustering-based cosine similarity (CCS): hierarchical clustering [148] is ap-

plied to model the users and items as cluster-based feature vectors, upon which

content-based filtering using cosine similarity is applied for recommendations.

• Clustering-based collaborative filtering (CCF): CCF is similar to CCS in feature

modeling, but applies user-based collaborative filtering for recommendations.

• Autoencoder-based collaborative filtering (ACF) [203]: an autoencoder is used

to obtain abstract representations of user profiles, upon which user-based collab-

orative filtering is applied for recommendations.

For a fair comparison, the experiments are performed on the same public real-world

datasets, Delicious and Last.Fm, as used in [203], which are gathered from the Deli-

cious bookmarking system and the Last.Fm online music system, respectively, and are

both released in HetRec 2011 [34]. After using the same pre-processing as in [203]

to remove infrequent tags, which are used less than 15 times in the Delicious dataset

and less than 5 times in the Last.Fm dataset, the statistic information of the result-

ing datasets are as shown in Table 4.1. Both the original datasets1 and pre-processed

datasets2 are online available for research uses.
1http://ir.ii.uam.es/hetrec2011/datasets.html
2http://goo.gl/iQDRBo
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Table 4.1: Dataset information

Dataset Users Tags Items Assignments

Delicious 1 843 3 508 65 877 339 744
Last.Fm 1 808 2 305 12 212 175 641

Experiments are conducted using five-fold cross validation, where both datasets are

randomly partitioned into five equal-size subsets. Of the five subsets, a single subset

is retained for validation and testing, while the remaining four subsets are used as

training set. The cross-validation process is then repeated five times, with each of the

five subsets used exactly once as the validation and test set. The results from the five

different folds are then averaged as the final results. In this work, in order to avoid over-

fitting by early stopping, we further randomly partition the validation and test set: one

quarter of the set is used for validation and the rest is used for testing. Consequently,

in each fold, the whole dataset are randomly divided into a training set (80% of total

assignments), a validation set (5% of total assignments), and a test set (15% of total

assignments).

Furthermore, given an assumption that the target items of a given user are those

annotated by this user, the assignments (u, t, i∗) in the training set are used to construct

user and item profiles and to extract the user-item pairs (u, i∗) as training samples.

We also extract user-item pairs from the assignments in the validation set as validation

samples, which are used to avoid over-fitting by early stopping. Finally, user-item pairs

extracted from the assignments in the test set are used as test samples to evaluate the

recommendation performance.

All models are implemented using Python and Theano, and run on a GPU server

with an NVIDIA Tesla K40 GPU and 12GB GPU memory. The parameters of DSPR

are set as follows: (i) the number of hidden layers (i.e., K) is 3; (ii) the number of
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neurons in the first, second, and third hidden layers are 2 000, 300, and 128, respec-

tively; (iii) the training batch size is 128; and (iv) the learning rate for model training

is η = 0.005. These parameters are the same in HDLPR-NS with the following addi-

tional settings: (v) adding two hidden layers and the number of of neurons in the fourth

and fifth hidden layers are 300 and 2 000, respectively; (vi) the balancing parameters

λθ and λe are set to 0.01 and 0.2, respectively; (vii) the number of negative examples

for each training sample (i.e., S) is 127.

Some of the above parameters are set empirically, e.g., the numbers of neurons in

hidden layers and the training batch size. For other parameters, such as the learning

rate η and the balancing parameters λθ and λe, we determine their values based on

experiments using grid search: We first iteratively select the value of λθ from 0 to

0.05 with a step of 0.01, select the value of λe from 0.1 to 0.5 with a step of 0.1, and

select the value of η from a set of values {0.0005, 0.001, 0.005, 0.01}; then, the five-

fold cross validation is conducted and the combination with the best recommendation

performance is used.

The most popular metrics for the evaluation of recommendation systems are pre-

cision, recall, and F1-score [27]. Since users usually only browse the topmost recom-

mended items, we apply these metrics at a given cut-off rank k, i.e., considering only

the top-k results on the recommendation list, called precision at k (P@k), recall at k

(R@k), and F1-score at k (F@k). Formally,

P@k =
1

|U ′|
∑
u∈U ′

Pu@k, Pu@k =
Cu@k

k
, (4.15)
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R@k =
1

|U ′|
∑
u∈U ′

Ru@k, Ru@k =
Cu@k

Nu
, (4.16)

F@k =
2 · P@k ·R@k

P@k +R@k
, (4.17)

where k is the length of recommendation list; U ′ is the set of users in the test sets;

Pu@k and Ru@k are the precision and recall at k for a given user u, respectively;

Cu@k is the number of the given user u’s target items in the recommendation list with

cut-off rank k; and Nu is the total number of u’s target items in test sets.

Since users always prefer to have their target items ranked in the front of the recom-

mendation list, we also employ the mean reciprocal rank (MRR) [166] as evaluation

metric, which gives greater importance to items ranked higher. MRR measures the

performance of a personalized function by assigning a value 1/r for each test sample

(u, i∗) and then computing the mean value. Formally,

MRR =
1

n

n∑
j=1

1

rj
, (4.18)

where rj is the ranking position of the target item of the jth test sample in the person-

alized recommendation list, and n is the total number of test samples.
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4.3.1 Main Results

Figure 4.3 depicts in detail the personalized recommendation performances of DSPR,

HDLPR-NS, and three baselines on the Delicious and Last.Fm datasets in terms of

MRR, P@k, R@k, and F@k, where ten cut-off ranks k = 5, 10, . . . , 50 are selected

for evaluation.

As shown in Figure 4.3, despite some slight differences due to the random weights’

initializations and dataset partitions, the performance results of CCF and ACF in Fig-

ure 4.3 are highly consistent with the results reported in [203] in terms of orders of

magnitude, tendencies, and relative performances. Furthermore, the performances of

the proposed DSPR and HDLPR-NS models are very similar on the Delicious dataset,

while HDLPR-NS slightly outperforms DSPR on the Last.Fm dataset. This indicates

that integrating hybrid deep learning and negative sampling with DSPR will not de-

grade its performance (and sometimes even improve it).

In general, Figure 4.3 shows that the DSPR and HDLPR-NS models both signif-

icantly outperform the three baselines in all metrics, e.g., the MRRs of DSPR and

HDLPR-NS are both more than 3.8 times (resp., 20%) better than the best baseline,

CCS, on Delicious (resp., Last.Fm), and the average improvements inP@k,R@k, and

F@k are also similar. The superior performances of DSPR and HDLPR-NS are mainly

because the training objectives of DSPR and HDLPR-NS are both directly correlated

with distinguishing the user’s target items from the irrelevant ones; so, the resulting

abstract features for user and item profiles are much more effective representations for

personalized recommendation than those generated by clustering and autoencoders.

We also note in Figure 4.3 that DSPR and HDLPR-NS achieve much higher im-

provements on Delicious than on Last.Fm, as DSPR and HDLPR-NS maintain a rel-

atively stable performance on both datasets, but the performance of the baselines dra-
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Table 4.2: DSPR vs. HDLPR-NS in training time and quality

Delicious Last.Fm
DSPR HDLPR-NS DSPR HDLPR-NS

# of runs to converge 810 70 1750 80
MRR-VS 0.0245 0.0243 0.0291 0.0304

time for one run (hrs) 0.405 0.0095 0.1133 0.0037
total time-cost (hrs) 328.0 0.665 198.3 0.296

matically degrades on Delicious: all metrics are 1/5 or less than those on Last.Fm.

This may be because items in Last.Fm are solely in the domain of music, but items

in Delicious are webpages in various domains; so, even with higher tag-removing

threshold, Delicious still has a much more redundant, and ambiguous tag space than

Last.Fm, which can not be properly handled by the baselines. This shows that DSPR

and HDLPR-NS can solve the uncontrolled vocabulary problem better than the base-

lines; and the more uncontrolled the dataset, the higher the achieved improvement.

4.3.2 Efficiency and Scalability

We also investigate the training efficiency and scalability of DSPR and HDLPR-NS.

The training time is recorded to compare the training efficiency of the two models. But

the standard training loss is not suitable to compare the models’ training quality, as

DSPR and HDLPR-NS have different loss functions. Here, we use MRR on validation

samples (MRR-VS) to measure the training quality, because (i) the training objectives

of both models are to get better performance in personalized recommendation, so the

higher the MRR-VS the better the models, and (ii) the values of MRR-VS are computed

every 10 training runs to avoid over-fitting, so using it will not increase the training

time.

We first explore the effect of using hybrid deep learning. To avoid interference, we
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use HDLPR (hybrid model without negative sampling) for comparison. As shown in

Figure 4.4, with the increase of the number of training runs, HDLPR converges much

faster than DSPR on both datasets. DSPR takes 810 (resp., 1750) training runs to reach

model convergence on Delicious (resp., Last.Fm), which costs HDLPR only 70 (resp.,

80) runs. This shows that hybrid deep learning can significantly enhance the model’s

learning progress and reduce the training runs needed for model convergence by tens

of times. Also, when the models converge, the MRR-VS of HDLPR is almost the same

as that of DSPR on Delicious (0.0244 in HDLPR vs. 0.0245 in DSPR) and is slightly

higher on Last.Fm (0.0306 in HDLPR vs. 0.0291 in DSPR), which demonstrates that

using hybrid deep learning will not degrade the models’ training quality.

We then apply negative sampling on HDLPR and find that the resulting HDLPR-NS

has very similar training progress to HDLPR: as shown in Table 4.2, it takes HDLPR-

NS 70 (resp., 80) runs to converge at MRR-VS = 0.0243 (resp., = 0.0304) on Delicious

(resp., Last.Fm); these values are almost the same as those of HDLPR as shown in

Figure 4.4. Therefore, using negative sampling will not influence the benefit of using

hybrid deep learning. Furthermore, Table 4.2 also shows that, with the help of negative

sampling, the time needed to process one training run on Delicious (resp., Last.Fm)
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is greatly reduced from 0.405 (resp., 0.1133) hours in DSPR to 0.0095 (resp., 0.0037)

hours in HDLPR-NS. This proves that using negative sampling can substantially reduce

the processing time needed for each training run.

Consequently, the total time-cost to reach model convergence in HDLPR-NS is

only 0.665 (resp., 0.296) hours on Delicious (resp., Last.Fm), which is roughly 492

(resp., 668) times quicker than that in DSPR. In summary, by using hybrid deep learn-

ing and negative sampling, the model training efficiency of HDLPR-NS is hundreds of

times better than the one of DSPR, while maintaining similar training quality.
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CHAPTER 5

Location-Aware Personalized News

Recommender Systems

As presented in Chapter 1, the state-of-the-art geographical-topic-based location-aware

new recommendation model, ELSA, suffers from two drawbacks:

• In ELSA, news and locations are projected to a Wikipedia-based topic space,

where each Wikipedia concept is regarded as a possible topic. Due to the huge

volume (millions) of concepts on Wikipedia, the Wikipedia-based topic space in

ELSA is very high dimensional, sparse, and redundant. The high dimensionality

problem thus reduces the efficiency of ELSA-based recommendation models,

while the sparsity and redundancy degrades the recommendation accuracy.

• ELSA takes into account only the users’ geographical information for news rec-

ommendation and ignores their personal news interests. This is, however, un-
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reasonable for real-world situations. In fact, users’ real-time news preferences

are influenced by both their long-term personal interests and their real-time ge-

ographical context. For example, a housewife may prefer to read entertainment

news at home, while the husband may like sports news at the same place. This

difference comes from their long-term personal interests, which thus should also

be considered in location-aware news recommendation.

Therefore, motivated by these observations, we propose to overcome the draw-

backs of ELSA and to further improve the performance of location-aware news recom-

mender systems by the following solutions: We first propose to apply machine learning

techniques to resolve high-dimensionality, sparsity and redundancy problems in the

Wikipedia-based topic space in ELSA. We then extend ELSA to also take into account

the user’s long-term personal interests to achieve better personalized news recommen-

dation. Finally, a hybrid location-aware personalized news recommendation model that

combines and has the advantages of the above two improvements are proposed.

Specifically, in order to solve high-dimensionality, sparsity and redundancy prob-

lems, we propose three novel geographical topic feature models, clustering-based

localized semantic analysis (CLSA), autoencoder-based localized semantic analysis

(ALSA) and deep localized semantic analysis (DLSA) to achieve better recommenda-

tion performance by topic feature modelling. Generally, CLSA, ALSA, and DLSA in-

tegrate clustering, autoencoders, and recommendation-oriented deep neural networks

respectively, with ELSA to extract denser, more abstract and lower dimensional topic

features from the Wikipedia-based topic space in ELSA for the representations of

news and locations. The experimental studies show that CLSA, ALSA, and DLSA all

improve the performance of ELSA in location-aware news recommendations; while

DLSA achieves the best results. This is consistent with the previous findings of the
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superior performance of recommendation-oriented neural networks in deep tag-aware

personalized recommendation in Chapter 4.

In addition, we also propose to take into account the users’ long-term interests to

extend the geographical topic feature model, ELSA, to a location-aware personalised

news recommendation with explicit semantic analysis (LP-ESA) model. LP-ESA offers

news recommendation based not only on the user’s real-time location information,

but also on his/her long-term personal interests, where a collection of user history

data (e.g., query history, browsing history, or tweeting history) is used to model the

given user’s personal interests, and collections of geo-tagged documents is used as

descriptions of locations.

Precisely, similarly to ELSA, LP-ESA first projects all the textual items (i.e., geo-

tagged documents, user history data, and news articles) onto a Wikipedia-concept-

based topic space using ESA [51]. Consequently, the users’ interests and news articles

are both modeled as weighted topic vectors and called general user profiles and general

news profiles, respectively; while local topic distributions for locations are obtained by

considering both the topic vectors of these locations and link information between the

corresponding topics (Wikipedia concepts). Then, for each given user at a location,

based on the general user profile and local topic distribution, LP-ESA constructs a

localized user profile representing the probabilities of this user’s news preferences (in

terms of topics) at this location. Similarly, a localized news profile is also constructed

for each news at a given location indicating the distribution of topics in the news at

this location. Finally, the relevance of a news article to a user at a given location is

measured by the similarity of this user’s localized user profile and the localized news

profile; and the news with top-k highest relevance scores are recommended. As LP-

ESA utilizes both the geographical and preference information of users, it can achieve
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a much better news recommendation performance than ELSA.

Nevertheless, since LP-ESA is also a ESA-based method, similar to ELSA, it also

suffers from high-dimensionality, sparsity, and redundancy problems. Therefore, we

further integrate the intuitions of LP-ESA and DLSA to also exploit recommendation-

oriented deep neural networks to map the (Wikipedia-concept-based) topic space in

LP-ESA to an abstract, dense, and low dimensional feature space, where the localized

similarities between the users and their target news are maximized, and those with ir-

relevant news are minimized. This hybrid model is called location-aware personalized

news recommendation with deep semantic analysis (LP-DSA), which is a deep learning

extension of LP-ESA as well as a personalized extension of DLSA.

The rest of this chapter is organized as follows. I first briefly introduce the ELSA

method, which is the most closely related state-of-the-art geographical topic-based

location-aware news recommendation method, in Section 5.1. The proposed CLSA,

ALSA, and DLSA models that address the high-dimensionality, sparsity, and redun-

dancy problems in the Wikipedia-based topic space in ELSA by topic feature mod-

elling are described in Section 5.2. Furthermore, LP-ESA that considers both geo-

graphical information and personal interests for location-aware news recommendation

is presented in Section 5.3. I further introduce LP-DSA, which integrates LP-ESA and

DLSA, in Section 5.4. Experimental studies and results are presented and evaluated in

Section 5.5.
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5.1 Explicit Localized Semantic Analysis in News Rec-

ommendation

Explicit localized semantic analysis (ELSA) [152] is the state-of-the-art geographical

topic-based location-aware news recommendation method which is reported to outper-

form other geographical topic-based solutions. Due to its close relation to this work, I

first present ELSA in this section.

ELSA is an ESA-based [51] solution, where each Wikipedia concept is considered

as a potential topic and each location and news is represented as a Wikipedia-based

topic vector. Figure 5.1 shows the overall process of ELSA. First of all, ELSA collects
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for each location a set of documents with the corresponding geo-tags as the description

of this location. Then, these geo-tagged documents and the candidate news articles are

mapped onto a Wikipedia-based topic space to generate for each location or news a

topic vector, which is represented as a probability distribution over topics and called

general location profile or general news profile, respectively. Consequently, the topics

related to a location are the ones with non-zero probability values in this location’s

topic vector. Since these topics are generally dependent on one another, ELSA further

uses the link information between the corresponding Wikipedia articles to construct

a topic dependency graph and then applies PageRank [120] to estimate a local topic

distribution. With the help of the local topic distribution, the general location and

news profiles are localized to obtain the localized location and news profiles, which

are utilized to estimate the similarities between news and locations. Finally, the rec-

ommendation is made by offering to the user the news articles with top-k similarity

scores to his/her current location. I briefly introduce ELSA in the rest of this section;

for the detailed inferences, please refer to [152].

Figure 5.2 shows a graphical representation of ELSA: a document d ∈ Dl depends

on topics z ∈ Z, and the topics are dependent on a location l; also, both d and l are
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observed variables, while z, θz (i.e., the word distribution of z), and θl (i.e., the local

topic distribution at l) are all unobserved.

Given U , V , L and Z as the sets of users, news articles, locations and Wikipedia

topics, respectively, the general location and news profiles, which are Wikipedia-topic-

based vectors, can be formally defined as

ϕl = 〈p(Dl|z1, θz1), . . . , p(Dl|z|Z|, θz|Z|)〉,

ϕv = 〈p(v|z1, θz1), . . . , p(v|z|Z|, θz|Z|)〉,

where p(Dl|zi, θzi) measures how probable Dl is generated from a Wikipedia topic zi,

while p(v|zi, θzi) is the probability of news article v generated from zi. Then,

p(Dl|zi, θzi) =
∏
d∈Dl

p(d|zi, θzi) =
∏
d∈Dl

∏
w∈d

p(w|zi, θzi)

=
∏
d∈Dl

∏
w∈d

1 + nri(w)

|Wri |+
∑

wj∈ri
nri(wj)

, (5.1)

where Wri is the set of words in ri, which is a Wikipedia article related to the topic zi;

and nri(w) is the frequency of w appearing in ri. Similarly,

p(v|zi, θzi) =
∏
w∈v

p(w|zi, θzi) =
∏
w∈v

1 + nri(w)

|Wri |+
∑

w∈ri nri(w)
. (5.2)

Moreover, ELSA formally defines a local topic distribution of a location l as
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θl = 〈p(z1|l, θl), . . . , p(z|Zl||l, θl)〉,

where the topics with non-zero p(Dl|zi, θzi) are believed to be the ones actually related

to location l and consist the local topic set Zl. To estimate how important each local

topic to location l, ELSA constructs a dependency structure over all topics in Zl, where

the dependency is based on the links between the corresponding articles of the local

topics in Wikipedia. Finally, p(zi|l, θl) is approximated by applying the PageRank

algorithm [120] to this structure. Formally,

p(zi|l, θl) ≈ PageRank(zi) =
1− q
|Zl|

+
∑

zj∈in(zi,Zl)

PageRank(zj)

LZl
(zj)

, (5.3)

where q is a damping factor, in(zi, Zl) is the set of topics in Zl that has links to zi, and

LZl
(zj) is the out-degree of zj .

With the help of local topic distribution, general location profiles, and general news

profiles, the localized location profile Φl and localized news profile Φv,l are defined as

Φl = 〈p(Dl, z1, l|θl, θz1), . . . , p(Dl, z|Z|, l|θl, θz|Z|)〉, (5.4)

Φv,l = 〈p(v, z1, l|θl, θz1), . . . , p(v, z|Z|, l|θl, θz|Z|)〉, (5.5)

which can be estimated respectively by the followings:
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p(Dl, zi, l|θl, θzi) ∝ p(Dl|zi, θzi) · p(zi|l, θl), (5.6)

p(v, zi, l|θl, θzi) ∝ p(v|zi, θzi) · p(zi|l, θl). (5.7)

Finally, to a given user u, ELSA recommends news articles according to their rel-

evance to u’s current location l by simply computing the cosine similarity between Φl

and Φv,l.

5.2 Topic Feature Modelling

Although ELSA benefits from using Wikipedia-concept-based topics for semantic en-

richment, due to the huge volume of concepts (millions) on Wikipedia, the resulting

topic space in ELSA suffers from the problems of high-dimensionality, sparsity, and

redundancy, which greatly degrade ELSA’s recommendation effectiveness and effi-

ciency.

Therefore, we propose to apply topic feature modelling to address these problems

and to achieve better performance in location-aware news recommendations. Gener-

ally, the process of topic feature modelling takes the general location profile (ϕl), gen-

eral news profile (ϕv) and local topic distribution (θl) in ELSA as input, and exploits

either clustering or deep learning techniques to extract dense, abstract, low dimen-

sional, and effective topic features from the Wikipedia-based topic space for the rep-

resentations of news and locations. The solutions that utilize clustering, autoencoders,

and recommendation-oriented deep neural networks for topic feature modelling are

presented in the rest of this section.
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Figure 5.3: Clustering-based topic feature modelling

5.2.1 Clustering-Based Localized Semantic Analysis

Due to its capability in extracting abstract and low dimensional features [148], in this

work, we adopt hierarchical clustering as the first solution for the topic feature mod-

elling in ELSA; the resulted geographical topic feature model that integrates clustering

with ELSA is called clustering-based localized semantic analysis (CLSA).

As shown in Figure 5.3, the clustering-based topic feature modelling process in

CLSA first represents each Wikipedia topic z ∈ Z as a vector of weights over the set

of resources, i.e., the locations and news articles, where the weight on each dimension

is measured by the probability of the resource generated from the corresponding topic.

Then, hierarchical clustering [148] is applied to assign all topics into a number of clus-

ters based on the distances between their corresponding resource vectors. Finally, with

the resulting well-learned clusters, CLSA converts the Wikipedia-based topic space to

a cluster-based topic feature space; so the representations of general location profile ϕl,

local topic distribution θl and general news profile ϕv are converted from Wikipedia-

based topic vectors to cluster-based topic feature vectors, which are denoted ϕCLl , θCLl

and ϕCLv , respectively.

CLSA tackles high-dimensionality, sparsity, and redundancy problems in ELSA
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for the following reasons: (i) the cluster-based topic feature space is lower dimensional

than the Wikipedia-based topic space in ELSA; (ii) each cluster contains several topics,

so sparsity is diminished; and (iii) redundant topics are aggregated to a cluster which

reduces redundancy.

As for location-aware recommendation, similarly to ELSA, given ϕCLl , θCLl , and

ϕCLv , CLSA first obtains the cluster-based localized location and news profiles (denoted

ΦCL
l and ΦCL

v,l , respectively), which are formally defined as

ΦCL
l = (ϕCLl )T · θCLl , (5.8)

ΦCL
v,l = (ϕCLv )T · θCLl . (5.9)

Then, given a user at a location l, CLSA generates news recommendations by ranking

all news v ∈ V according to their relevance to l (denoted RCL
l,v ), where the relevance is

estimated by the cosine similarity between ΦCL
l and ΦCL

v,l . Formally,

RCLl,v = Sim(ΦCL
l ,ΦCL

v,l ) =
ΦCL
l · ΦCL

v,l

‖ΦCL
l ‖ · ‖ΦCL

v,l ‖
. (5.10)

5.2.2 Autoencoder-Based Localized Semantic Analysis

Besides clustering, autoencoders are another method to model low dimensional, dense,

and abstract representations of raw data [203]. Therefore, in this work, we also em-

ploy autoencoders as another solution for the high-dimensionality, sparsity, and re-
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Figure 5.4: Autoencoder-based topic feature modelling

dundancy problems in ELSA; and the resulting geographical topic feature model that

integrates autoencoders with ELSA is called autoencoder-based localized semantic

analysis (ALSA).

Autoencoders are a kind of neural network consisting of two parts: encoder and

decoder. As shown in Figure 5.4, to conduct topic feature modelling, autoencoders

first take ϕl, θl, and ϕv as inputs, which are passed through multiple hidden layers in

encoders. The intermediate outputs fi(l), fi(θ), and fi(v) of the i-th hidden layers for

location, local topics distribution, and news items can be defined formally as

fi(l) = σ(WAE
i fi−1(l) + bAEi ), (5.11)

fi(θ) = σ(WAE
i fi−1(θ) + bAEi ), (5.12)

fi(v) = σ(WAE
i fi−1(v) + bAEi ), (5.13)
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where i = 1, . . . , N ; N is the total number of hidden layers in the encoder (decoder);

WAE
i and bAEi are the weight matrix and bias vector for the i-th hidden layer; σ(·) is

the sigmoid activation function; and f0(l) = ϕl, f0(θ) = θl, and f0(v) = ϕv.

The outputs of the final layers of encoders, fN(l), fN(θ), and fN(v), are the autoen-

coder-based topic feature representations for location (denoted ϕAEl ), local topic dis-

tribution (denoted θAEl ) and news items (denoted ϕAEv ), respectively. Formally

ϕAEl = fN (l), θAEl = fN (θ), ϕAEv = fN (v).

Furthermore, the decoders in ALSA take ϕAEl , θAEl , and ϕAEv as input and pass them

through another N layers. Since tied-weights are used in autoencoders, the weight

matrices in the decoder are the transposes of those in the encoder. Formally,

fN+j(l) = σ((WAE
N−(j−1))

T fN+(j−1)(l) + bAEN+j), (5.14)

fN+j(θ) = σ((WAE
N−(j−1))

T fN+(j−1)(θ) + bAEN+j), (5.15)

fN+j(v) = σ((WAE
N−(j−1))

T fN+(j−1)(v) + bAEN+j), (5.16)

where j = 1, . . . , N . The outputs of decoders are the reconstructed general location

profile, the reconstructed local topic distribution, and the reconstructed general news

profile, denoted ϕ′l, θ
′
l, and ϕ′v, respectively. Formally,
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ϕ′l = f2N (l), θ′l = f2N (θ), ϕ′v = f2N (v).

As for the training of autoencoders, the learning objective of autoencoders in ALSA

is to minimize the differences between input and reconstructed data, called reconstruc-

tion errors. Therefore, the loss function of ALSA is as follows:

LAE(Θ) =
1

2

∑
(l,v)

(‖ϕ′l − ϕl‖+ ‖θ′l − θl‖+ ‖ϕ′v − ϕv‖), (5.17)

where Θ represents the set of parameters {WAE
i , bAEj } (i = 1, . . . , N ; j = 1, . . . , 2N)

in autoencoders.

After training, given the well-modelled autoencoder-based topic feature represen-

tations ϕAEl , θAEl , and ϕAEv , ALSA first generates the autoencoder-based localized lo-

cation and news profiles by

ΦAE
l = (ϕAEl )T · θAEl , (5.18)

ΦAE
v,l = (ϕAEv )T · θAEl . (5.19)

Then, given a user at a location l, ALSA generates location-aware recommendations

based on the relevance of all news items v ∈ V to l, which is computed by the cosine

similarity between ΦAE
l and ΦAE

v,l . Formally,
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RAEl,v = Sim(ΦAE
l ,ΦAE

v,l ) =
ΦAE
l · ΦAE

v,l

‖ΦAE
l ‖ · ‖ΦAE

v,l ‖
. (5.20)

5.2.3 Deep Localized Semantic Analysis

However, CLSA and ALSA suffer from the following drawback: the learning objec-

tives of clustering in CLSA and autoencoders in ALSA are to minimize the within-

cluster distances and to minimize the reconstruction errors, respectively, which are not

directly correlated to the objective of news recommendation, i.e., distinguishing the

users’ local target news from the irrelevant ones; so the resulting clustering-based and

autoencoder-based topic feature representations of news and locations may not be very
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effective in news recommendation.

Therefore, motivated by our findings in Chapter 4, we further propose another ge-

ographical topic feature model, called deep localized semantic analysis (DLSA), to

address high-dimensionality, sparsity, and redundancy problems in ELSA. DLSA also

applies deep neural networks for topic feature modelling; however, instead of using

autoencoders, DLSA integrates ELSA with recommendation-oriented deep neural net-

works as introduced in Chapter 4, which maps the Wikipedia-based topic space to an

abstract, dense, and low dimensional topic feature space where the localized similari-

ties between the locations and the users’ local target (resp., irrelevant) news are maxi-

mized (resp., minimized). Since the deep neural networks in DLSA are trained with a

recommendation-oriented learning objective, i.e., to differentiate the users’ local target

news from the irrelevant ones, the resulting deep topic feature representations of news

and locations in DLSA are more effective for location-aware news recommendation

than CLSA and ALSA.

As shown in Figure 5.5, similarly to the encoders in ALSA, the three deep neural

networks in DLSA also take ϕl, θl, and ϕv as inputs and the intermediate outputs hi of

the i-th hidden layers are formally defined as follows:

hi(l) = tan(WDL
i hi−1(l) + bDLi ), (5.21)

hi(θ) = tan(WDL
i hi−1(θ) + bDLi ), (5.22)

hi(v) = tan(WDL
i hi−1(v) + bDLi ), (5.23)

where i = 1, . . . , N ; tan is used as the activation function; and h0(l) = ϕl, h0(θ) = θl,

h0(v) = ϕv. Furthermore, the intermediate outputs in the N -th hidden layers are the
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deep topic feature representations for the general location profile (denoted ϕDLl ), local

topics distribution (denoted θDLl ) and general news profile (denoted ϕDLv ); formally,

ϕDLl = hN (l), θDLl = hN (θ), ϕDLv = hN (v).

Given ϕDLl , θDLl , and ϕDLv , the deep localized location and news profiles are formally

defined as

ΦDL
l = (ϕDLl )T · θDLl , (5.24)

ΦDL
v,l = (ϕDLv )T · θDLl . (5.25)

Then, for a user at a location l, the similarity between l and a news article v is measured

using the cosine similarity between their deep localized profiles at l, i.e., ΦDL
l and ΦDL

v,l ;

formally,

Sim(ΦDL
l ,ΦDL

v,l ) =
ΦDL
l · ΦDL

v,l

‖ΦDL
l ‖ · ‖ΦDL

v,l ‖
. (5.26)

Differently from CLSA and ALSA, instead of using the cosine similarity directly,

the relevance scores of news items v to given users at locations l are measured by

applying the softmax function on the resulting similarities of all news at l, which are

then used to generate location-aware recommendation lists. Formally,
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RDLl,v =
eSim(ΦDL

l ,ΦDL
v,l )∑

v′∈V
e
Sim(ΦDL

l ,ΦDL
v′,l)

. (5.27)

Intuitively, to achieve good location-aware news recommendations, the local target

news should have higher relevance scores than irrelevant ones. We thus conduct the

model training in DLSA with a recommendation-oriented objective to maximize the

relevance scores of local target news; equivalently, it is to maximize the localized simi-

larities between locations and their local target news and minimize those with irrelevant

ones. Formally, it is equivalent to minimize the following loss function:

LDL(Θ) = −
∑
(l,v∗)

log(RDLl,v∗)

= −
∑
(l,v∗)

[
log(e

Sim(ΦDL
l ,ΦDL

v∗,l))− log(
∑
v′∈V

e
Sim(ΦDL

l ,ΦDL
v′,l))

]
, (5.28)

where Θ is the set of parameters {WDL
i , bDLi } (i = 1, . . . , N) in DLSA; the tuple (l, v∗)

is a training sample, indicating that v∗ is a local target news to the user at location l.

As for the training of DLSA (resp., ALSA), we first initialize the weight matrices

WDL
i (resp., WAE

i ) using the random normal distribution and initialize the bias vectors

bDLi (resp., bAEi ) to be zero vectors; the model is then trained via mini-batch gradient

descent [29], which is a gradient-based optimization algorithm; finally, the training

stops when the model converges or reaches the maximum training iterations.

In summary, applying deep neural networks for topic feature modelling in DLSA

and ALSA is capable to overcome high-dimensionality, sparsity, and redundancy prob-
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lems in ELSA, because of the following reasons: (i) The number of nodes in the hidden

layer is much smaller than that in the input layer, so the dimensionality of the result-

ing deep (or autoencoder-based) topic feature space is much lower than that of the

Wikipedia-based topic space in ELSA; and (ii) deep neural networks in DLSA and

ALSA extract more abstract and denser features layer-by-layer, so sparsity and redun-

dancy problems are addressed.

5.3 Location-Aware Personalized News Recommenda-

tion With Explicit Semantic Analysis

On the other hand, ELSA has the other shortcoming as follows: since ELSA and most

of the location-aware news recommendation methods consider solely the user’s lo-

cation for news recommendation; the recommended news for different users at the

same location will remain the same. However, in practice, a users’ real-time news

preferences are strongly correlated not only to their current locations but also to their

long-term personal interests, so both should be considered to achieve satisfactory per-

sonalized news recommendations.

Therefore, we extend ELSA to propose a novel news recommendation model,

called location-aware personalized news recommendation with explicit semantic anal-

ysis (LP-ESA), which takes into account both the user’s current location and also

his/her personal interests. Consequently, differently from ELSA, in LP-ESA, different

users at a same location will have different and personalized news recommendations.

LP-ESA is similar to ELSA but replaces the location profile with a user profile for

personalization, and location is only responsible for localization.

Generally, LP-ESA is a personalized extension of ELSA: it replaces the location
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profile with a user profile for personalization, and the location information is used for

localization via local topic distribution. The overall process of LP-ESA is depicted

in Figure 5.6, which generally consists of two steps: offline modeling and online rec-

ommendation. Offline modeling aims to construct the localized profiles for users and

news, which are then used to conduct location-aware personalized news recommenda-

tion in the online recommendation step.

Specifically, in the offline modeling step, given a user u , LP-ESA first projects

the user’s history data Hu and each news article v in the news set V onto a Wikipedia

topic space to construct a general user profile ϕu for the given user u and a general

news profile ϕv for each news v, respectively. However, both profiles are insensitive to
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the change of the user’s geographical context. To achieve location-aware personalized

news recommendation, given a location l, LP-ESA then models a localized user (resp.,

news) profile Φu,l (resp., Φv,l) for each user u (resp. news v) at location l, according to

both the general user (resp., news) profile ϕu (resp., ϕv) and the local topic distribution

of l (i.e., θl), which is estimated using the same process as in ELSA. Finally, both

localized user and news profiles are utilized in the online recommendation phrase to

generate for the given user u a ranked list of news according to the relevancy score

Ru,v,l, which is computed by the cosine similarity of Φu,l and Φv,l. Formally,

Ru,v,l = Sim(Φu,l,Φv,l) =
Φu,l · Φv,l

‖Φu,l‖ · ‖Φv,l‖
. (5.29)

The graphical representation of LP-ESA is shown in Figure 5.7, where a geo-tagged
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document d ∈ Dl, a history data record h ∈ Hu, a news article v ∈ V , and a word w

are all dependent on topic z ∈ Z, while the topics depend on a location l. In addition,

l, u, d, h, and v are observed variables, while z, θz, and θl are the unobserved ones.

5.3.1 General User Profile

As the key of personalized news recommendation, for a given user, a user profile is used

to describe this user’s personal interests on news, which can be modeled using his/her

history data on the Web (e.g., query history, browsing history, or tweeting history).

Therefore, LP-ESA first collects a set of tweeting history data Hu for each given user

u and then projectsHu onto the Wikipedia topic space to model u’s general user profile

(denoted ϕu); formally,

ϕu = 〈p(Hu|z1, θz1), . . . , p(Hu|zi, θzi), . . . , p(Hu|z|Z|, θz|Z|)〉, (5.30)

where p(Hu|zi, θzi) is the probability of the topic zi in the tweeting history data Hu of

u. Then, given h ∈ Hu as a tweeting record,

p(Hu|zi, θzi) =
∏
h∈Hu

p(h|zi, θzi);

then, we have:
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log p(Hu|zi, θzi) =
∑
h∈Hu

log p(h|zi, θzi), (5.31)

where p(h|zi, θzi) is the probability of a topic zi in the tweeting record h.

Differently from ELSA, where the probability of a topic in a geo-tagged docu-

ment p(Dl|zi, θzi) is estimated solely based on the possibility that the words in the

geo-tagged document are generated from this topic, i.e., p(w|zi, θzi) (as shown in For-

mula (5.1)), LP-ESA considers both the probability of generating a tweeting record h

from each word in h (i.e., p(h|w)) and that of the word w generated from each topic

zi (i.e., p(w|zi, θzi)) to estimate the probability of a topic zi in the tweeting record

h (i.e., p(h|zi, θzi)). Consequently, the word with higher probability in h contributes

more to the topic probability estimation in LP-ESA; while all words of the document

are equally important in ELSA. Therefore, assuming all words are independent, there

is the following derivation:

log p(h|zi, θzi) =
∑
w∈h

log p(h|w)p(w|zi, θzi), (5.32)

where both p(h|w) and p(w|zi, θzi) are estimated using a variant of TF-IDF [161] in

LP-ESA; formally,
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p(h|w) =
(1 + log nh(w)) ∗ log |Z|

nZ(w)√ ∑
wj∈h

[(1 + log nh(wj)) ∗ log |Z|
nZ(wj) ]2

, (5.33)

p(w|zi, θzi) =
(1 + log(nri(w) + 1)) ∗ log |Z|

nZ(w)√ ∑
wj∈ri

[(1 + log(nri(wj) + 1)) ∗ log |Z|
nZ(wj) ]2 + log |Z|

, (5.34)

where nh(w) and nri(w) denote the frequency of w appearing in h and ri (a Wikipedia

article with regard to topic zi), respectively; and nZ(w) is the number of topics in Z

whose related Wikipedia articles contain w.

5.3.2 Localized User Profile

As the users’ news preferences usually evolve with the change of their locations, to

achieve a location-aware personalized news recommendation, for a given user u at a

location l, LP-ESA further constructs a localized user profile based on u’s general user

profile ϕu and the local topic distribution θl of l, where θl is estimated using the same

process as in ELSA (see Section 5.1). Formally, the localized user profile of user u at

location l is defined as

Φu,l = 〈p(Hu, z1, l|θl, θz1), . . . , p(Hu, zi, l|θl, θzi), . . . , p(Hu, z|Z|, l|θl, θz|Z|)〉,

where p(Hu, zi, l|θl, θzi) measures the probability of u’s preferences w.r.t. topic zi at

location l. Since z depends on l and θl, while l is independent of θl and θz (as shown

in Figure 5.7), by assuming p(l) to be uniform, we then estimate p(Hu, zi, l|θl, θzi)
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according to the following deduction:

p(Hu, zi, l|θl, θzi) = p(Hu|zi, θzi) · p(zi|l, θl) · p(l)

∝ p(Hu|zi, θzi) · p(zi|l, θl);

(5.35)

then, we have

log p(Hu, zi, l|θl, θzi) ∝
∑
h∈Hu

log p(h|zi, θzi) + log p(zi|l, θl), (5.36)

where p(zi|l, θl) is the local topic probability in the local topic distribution θl, and

p(Hu|zi, θzi) is the topic probability in the general user profile ϕu.

5.3.3 General News Profile

Similarly, LP-ESA also models a general news profile (ϕv) for each news article v;

formally,

ϕv = 〈p(v|z1, θz1), . . . , p(v|zi, θzi), . . . , p(v|z|Z|, θz|Z|)〉 .

Although the definition of the general news profile looks the same as the definition

of the general news profile in ELSA (see Formula (5.2)), the estimation of p(v|zi, θzi)

here is actually different from that in ELSA. Specifically, LP-ESA utilizes both the
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probability of obtaining a news article v given each word w in v (i.e., p(v|w)) and

that of each word w in v generated from each topic zi (i.e., p(w|zi, θzi)) to estimate

p(v|zi, θzi); while ELSA merely considers the latter factor. Therefore, Similarly to

Formula (5.32), p(v|zi, θzi) is estimated as follows:

log p(v|zi, θzi) =
∑
w∈v

log p(v|w)p(w|zi, θzi),

where p(w|zi, θzi) can be estimated by Formula (5.34), and p(v|w) can be estimated

based on a variant of TF-IDF as follows,

p(v|w) =
(1 + log nv(w)) ∗ log |Z|

nZ(w)√ ∑
wj∈v

[(1 + log nv(wj)) ∗ log |Z|
nZ(wj) ]2

.

5.3.4 Localized News Profile

Based on the general news profile ϕv and the local topic distribution θl at a location l,

the localized news profile of a news article v at l is defined as follows:

Φv,l = 〈p(v, z1, l|θl, θz1), . . . , p(v, zi, l|θl, θzi), . . . , p(v, z|Z|, l|θl, θz|Z|)〉,

where p(v, zi, l|θl, θzi) is the probability of topic zi in news v at l. Similarly to For-

mula (5.36),



93

p(v, zi, l|θl, θzi) = p(v|zi, θzi) · p(zi|l, θl) · p(l)

∝ p(v|zi, θzi) · p(zi|l, θl), (5.37)

where p(v|zi, θzi) is the topic probability in the general news profile ϕv, and p(zi|l, θl)

is the local topic probability in θl.

5.4 Location-Aware Personalized News Recommenda-

tion with Deep Semantic Analysis

Nevertheless, since LP-ESA is also an ESA-based method, similarly to ELSA, it also

suffers from high-dimensionality, sparsity, and redundancy problems. To solve these

problems and further improve the performance of LP-ESA, we thus propose a hybrid

news recommendation model called location-aware personalized news recommenda-

tion with deep semantic analysis (LP-DSA), which integrates the intuition of DLSA

with LP-ESA to utilizes deep neural networks to map the Wikipedia-based topic space

in LP-ESA to an abstract, dense, and low dimensional feature space, where the local-

ized similarities between the users and their target news are maximized, and those with

irrelevant news are minimized. LP-DSA is a deep learning extension of LP-ESA as

well as a personalized extension of DLSA; so it has the advantages of both models.

Figure 5.8 depicts the overall process of LP-DSA. First of all, LP-DSA takes the

general user profile ϕu, local topic distribution θl, and general news profile ϕv (gen-

erated in LP-ESA) as the respective inputs of three deep neural networks with shared
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Figure 5.8: The overall process of location-aware personalized news recommendation
with deep semantic analysis

parameters. Then these inputs are then passed through multiple hidden layers and pro-

jected onto an abstract, dense, and low dimensional feature space on the final hidden

layer, resulting in three abstract general feature representations for the user, location,

and news item, which are called abstract general user profile (denoted ϕ′u), abstract

local topic distribution (denoted θ′l), and abstract general news profiles (denoted ϕ′v),

respectively. Then, LP-DSA models an abstract localized user profile (denoted Φ′u,l)

using ϕ′u and θ′l and an abstract localized news profile (denoted Φ′v,l) using ϕ′v and θ′l.

Finally, for a given user, LP-DSA recommends to this user the news with top-k highest

relevance scores, which are computed by applying the softmax function on cosine sim-

ilarities of the corresponding abstract localized profiles of the user and news. To learn

the parameters Wi and bi in these deep neural networks, the model is trained using an

objective to maximize the deep-semantic similarities between the users and their target

news, while minimizing those with irrelevant ones.

Formally, given a weight matrixW1 and a bias vector b1, LP-DSA takes the general
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user profile ϕu, local topic distribution θl, and general news profile ϕv as the input

and generates the intermediate outputs f1 of the first hidden layer according to the

following formulas:

f1(u) = tanh(W1ϕu + b1), (5.38)

f1(l) = tanh(W1θl + b1), (5.39)

f1(v) = tanh(W1ϕv + b1), (5.40)

where tanh is adopted as the activation function. Similarly, the intermediate output of

the i-th hidden layer (i = 2, . . . , N ) are computed by

fi(u) = tanh(Wifi−1(u) + bi), (5.41)

fi(l) = tanh(Wifi−1(l) + bi), (5.42)

fi(v) = tanh(Wifi−1(v) + bi), (5.43)

where Wi and bi are the weight matrix and bias vector for the i-th hidden layer, and N

is the total number of hidden layers. Consequently, the output of the N -th hidden layer

are the abstract general user profile ϕ′u, the abstract local topic distribution θ′l, and the

abstract general news profile ϕ′v. Formally,

ϕ′u = fN (u), θ′l = fN (l), ϕ′v = fN (v). (5.44)
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Furthermore, since ϕ′u, θ′l, ϕ
′
v share the same feature space, according to Formu-

las (5.36) and (5.37), the abstract localized user and news profiles can be formally

defined as

Φ′u,l = ϕ′Tu · θ′l, (5.45)

Φ′v,l = ϕ′Tv · θ′l. (5.46)

Then, the similarity between a user and a news article at location l is measured

using the cosine similarity between their abstract localized profiles at l; formally,

Sim(Φ′u,l,Φ
′
v,l) =

Φ′u,l · Φ′v,l
‖Φ′u,l‖ · ‖Φ′v,l‖

. (5.47)

Finally, LP-DSA recommends news articles based on their relevance scores to a

given user u at location l, where the relevance scores are computed by applying the

softmax function on the resulting similarities; formally,

R′u,v,l =
eSim(Φ′u,l,Φ

′
v,l)∑

v′∈V
e
Sim(Φ′u,l,Φ

′
v′,l)

, (5.48)

Therefore, to achieve a good personalized news recommendation, the target news

should have higher relevance scores than others. We thus conduct the model training
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with an objective to maximize the relevance scores of target news; equivalently, it is to

maximize the localized similarities between users and their target news and minimize

those with irrelevant ones. Formally, it is equivalent to minimize the following loss

function:

Loss(Θ) = −
∑

(u,v∗,l)

log(R′u,v∗,l)

= −
∑

(u,v∗,l)

[
log(e

Sim(Φ′u,l,Φ
′
v∗,l))− log(

∑
v′∈V

e
Sim(Φ′u,l,Φ

′
v′,l))

]
, (5.49)

where Θ represents the set of parameters {Wi, bi} (i = 1, . . . , N) in the neural net-

works; tuple (u, v∗, l) is a training sample, which represents that a user u has a target

news v∗ at the location l and is generated from the user’s tweeting history records in

the training dataset.

According to the above loss function, ideally, all news in V should be used as

candidate news in the model training. However, due to the large number of candidate

news, this will result in a very expensive training cost. Therefore, in practice, to train

the model more efficiently, for each training sample (u, v∗, l), we approximate V by

including the target news v∗ and only K randomly selected irrelevant news v−. Our

pilot study in Chapter 4 shows that this approximation has few damage to the training

effectiveness.



98

Table 5.1: Statistics information of dataset

Tweets Users News Locations Samples

2,316,204 1,619 63,485 2,366 98,321

Table 5.2: Details of training set and test (sub)sets

Users News Locations Samples

Training set 1,555 53,036 2,295 78,946
Test set 909 15,853 743 19,375

Old City test subset 825 12,518 325 14,883
New City test subset 788 3,822 662 4,492

5.5 Experiments

In this section, I report on experimental evaluations of the proposed methods; I first

describe the experimental settings in Section 5.5.1; then the effect of applying topic

feature modelling and the performance evaluation of DLSA, ALSA, and CLSA is in

Section 5.5.2; in addition, the effect of considering users’ personal interests and the

performance evaluation of LP-ESA is in Section 5.5.3; finally, I evaluate the perfor-

mance of the hybrid model, LP-DSA, in Section 5.5.4

5.5.1 Experimental Setting

Dataset and Preprocessing

This experimental study is based on a publicly available Twitter dataset [7], which

consists of 2, 316, 204 tweets posted by 1, 619 users (|U | = 1, 619). About half (over

one million) of these tweets explicitly contain URLs to the news articles; by using these

URLs to download the corresponding news articles, we get 63, 485 news articles, which
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are used as the candidate news articles for recommendation, i.e., |V | = 63, 485. Then,

we apply a Web service tool1 to extract city names from the news articles, resulting

in 2, 366 locations (|L| = 2, 366). Finally, we consider these city names as geo-tags

and use the titles and keywords of the news articles, from which the city names are

extracted, as the descriptions of these locations, i.e., geo-tagged documents Dl. The

statistic information of the resulting dataset is summarized in Table 5.1.

To model the users’ news preferences, if a user u posts a tweet which has an URL

to a news article v∗ containing a city name (location) l, u is believed to be interested

in v∗ at l, from which a sample (u, v∗, l) is generated, indicating v∗ is a target news

of u at l. Consequently, a total of 98, 321 samples are obtained from the dataset; we

randomly select 80% the samples as the training set and the remaining 20% as the

test set. We further divide the test set into two subsets: Old City test subset and New

City test subset, to evaluate the methods’ news recommendations performance under

different geographical context. This is because, in practice, it is generally more difficult

to achieve satisfactory news recommendation when users are at new locations where

they have never visited and do not have related local history data. Specifically, for each

sample (u, v∗, l) in the test set, if the training set also contains some samples related to

the same user u at the same location l, l is seen as a city (location) where u has already

visited before so (u, v∗, l) is added to Old City test subset; otherwise, l is a new city to

user u and the sample (u, v∗, l) is added to New City test subset. The details of training

set and test (sub)sets are summarized in Table 5.2.

Furthermore, a news recommendation system always aims to recommend to users

news that they have never read before. Therefore, to be in line with this requirement,

we remove the tweets where test samples are extracted and use only the rest of the

1OpenCalais at https://opencalais.com/
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tweeting records in the dataset as the users’ history data (i.e., Hu) to construct user

profiles. Finally, a Wikipedia snapshot of August 11, 2014 is used for the process of ex-

plicit semantic analysis [51], resulting in 1, 301, 900 concepts with 1, 618, 970 distinct

terms. To cut down the calculation and memory cost, we select 8, 000 most frequent

topics/concepts among all the resulted topic representations of the users, locations, and

news items as the shared Wikipedia topic space.

Parameter Settings and Evaluation Metrics

All methods are implemented using Python and Theano (a Python library for machine

learning) and run on a GPU server with a NVIDIA Tesla K20 and 8GB graphics card

memory. ELSA is implemented based on [152]; the parameters of the proposed models

are set empirically as follows:

• The damping factor q is set to 0.85.

• The number of clusters in CLSA is empirically set to 1024.

• The number of hidden layers in DLSA and LP-DSA and in the encoder of ALSA

is N = 3.

• The number of neurons in the first, second, and third hidden layers is 1024, 512

and 256, respectively.

• The number of news that is randomly selected to approximate V for each training

sample is K = 127;

• The learning rate in model training is 0.0001.

• ALSA adds another two hidden layers for the decoder, and the number of neu-

rons in the fourth and fifth layers is 512 and 1024, respectively.
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The commonly used precision at k (P@k), recall at k (R@k), F1-score at k (F@k),

and mean reciprocal rank (MRR) as defined in Section 4.3 of Chapter 4 are adopted for

the evaluation of the location-aware news recommendation systems.

5.5.2 Effect of Applying Topic Feature Modelling

We first evaluate the effect of applying topic feature modelling to address high-dimensi-

onality, sparsity, and redundancy problems in the Wikipedia-based topic space in ELSA.

Figure 5.9(a)-(i) depict the news recommendation performances of DLSA, ALSA,

CLSA, and ELSA on three test (sub)sets in terms of precision at k (P@k), recall at

k (R@k), and F1-score at k (F@k), where the value of k varies from 1 to 20; while the

results of mean reciprocal rank (MRR) of DLSA, ALSA, CLSA and ELSA on three

test (sub)sets are also shown in Figure 5.9(j)-(l).

Generally, in Figure 5.9, the proposed three geographical topic feature models,

DLSA, ALSA and CLSA, all greatly outperform the Wikipedia-based topic model,

ELSA, in location-aware news recommendations in terms of all evaluation metrics on

all three test (sub)sets. This finding demonstrates that applying clustering or deep

learning techniques for topic feature modelling can address high-dimensionality, spar-

sity and redundancy problems in ELSA and greatly enhances the performance of loca-

tion-aware new recommendation.

Figures 5.9(a)-(c) exhibit the precision at k (P@k) of all the four models on three

test (sub)sets. Specifically, Figure 5.9(a) presents the results on Old City test subset; it

is shown that DLSA achieves the best performance in P@k for all k values while ALSA

and CLSA also outperforms ELSA constantly. The values of P@k for all methods are

relatively stable with the change of k. Figure 5.9(b) and (c) depict the P@k results

of DLSA, ALSA, CLSA, and ELSA on the New City test subset and the whole test
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Figure 5.9: The news recommendation effectiveness of DLSA, ALSA, CLSA, and
ELSA on three test (sub)sets in terms of precision at k (P@k), recall at k (R@k),
F1-score at k (F@k), and mean reciprocal rank (MRR), with scales on y-axis in ‰
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set, respectively, where the general tendency and the comparison results between these

four models are similar to those in Figure 5.9(a) with a peak value for DLSA at k = 6.

Figures 5.9(d)-(f) show the models’ recall at k (R@k) on the Old City test sub-

set, the New City test subset and the whole test set, respectively. Similarly, DLSA is

also very superior to all other methods in R@k on the three test (sub)sets, and ALSA

and CLSA holds the second and third places again. However, differently from P@k,

the four methods all witness increases in R@k with the rise of k’s value on the three

(sub)sets and the increases of DLSA, ALSA, and CLSA are generally more significant

than those of ELSA. Figures 5.9(g)-(i) are the results of the F1-score at k (F@k) on the

three test (sub)sets. Since F@k is an integrated metric computed by R@k and P@k,

we have similar observations that reveal the superiority of DLSA.

The results of the mean reciprocal rank (MRR) on various test (sub)sets are shown

in Figures 5.9(j)-(l), where DLSA, ALSA, and CLSA still dramatically outperform the

baseline, ELSA. This shows that the recommendation lists generated by DLSA, ALSA,

and CLSA have much better ordering than ELSA, which is an important improvement

for personalized new recommendation and shows the essential of applying topic feature

modelling in ELSA, because finding the target news becomes much easier for users

using DLSA, ALSA, and CLSA.

Evaluation and Discussion

Furthermore, to evaluate the general performances of these models, in Table 5.3, we

further compute and record the average P@k,R@k, and F@k of DLSA, ALSA, CLSA

and ELSA on three test (sub)sets when 1 6 k 6 20; while the numerical values of

MRR of these models are also recorded in Table 5.3.

Table 5.3 shows that with the help of the recommendation-oriented deep neural
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Table 5.3: Average P@k, R@k, F@k, and MRR of DLSA, ALSA, CLSA and ELSA
on three test (sub)sets when 1 6 k 6 20 (in ‰)

Old City test subset
P@k R@k F@k MRR

ELSA 0.2834 0.2361 0.1687 0.0470
CLSA 0.3404 0.2834 0.2345 0.0736
ALSA 0.3896 0.4820 0.3627 0.1073
DLSA 0.6374 0.9389 0.6070 0.2652

New City test subset
P@k R@k F@k MRR

ELSA 0.1385 0.0836 0.1009 0.0174
CLSA 0.1793 0.2717 0.2112 0.0520
ALSA 0.2218 0.4085 0.2811 0.0643
DLSA 0.3551 0.8193 0.4867 0.1458

The whole test set
P@k R@k F@k MRR

ELSA 0.3773 0.2263 0.1981 0.0569
CLSA 0.5343 0.2822 0.2995 0.0774
ALSA 0.5863 0.4745 0.4553 0.1023
DLSA 0.9500 0.8723 0.8223 0.3224

networks, DLSA achieves much better recommendation performance than ALSA and

CLSA. For example, on the whole test set, the average precision of DLSA is roughly

double of those of ALSA and CLSA; the average recall and F1-score of DLSA are

both roughly double of those of ALSA and about three times of those of CLSA; and

the MRR of DLSA is roughly three times of that of ALSA and about four times of

that of CLSA. The superior performance of DLSA is mainly because DLSA uses a

recommendation-oriented learning objective, which is directly correlated with distin-

guishing the user’s local target news items from the irrelevant ones; so, the resulting

deep topic features for the representations of news and location profiles in DLSA are

much more effective for news recommendations than those generated by clustering and
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autoencoders, whose learning objectives are not directly related to recommendations.

These results are consistent with the experimental results of tag-aware personalized

recommendation in Chapter 4 where recommendation-oriented neural networks out-

perform clustering and autoencoders in solving the uncontrolled vocaburary problem

in social tag space. So, due to their repeated success in solving the sparsity, ambi-

guity, redundancy, and high-dimensionality problems in both the social tag space and

the Wikipedia-based feature space, it is believed that the proposed recommendation-

oriented neural networks in this thesis can be further used to address similar problems

in other topic feature models, e.g., bag-of-words (BoW), latent Dirichlet allocation

(LDA), and probabilistic latent semantic analysis (pLSA) topic models.

In addition, we also note that DLSA, ALSA and CLSA generally achieve more

significant improvements to ELSA at new locations than those at “old” locations. For

example, the MRR of DLSA, ALSA and CLSA are respectively 737.9%, 269.5%, and

197.1% higher than that of ELSA on the New City test subset; while the corresponding

improvements are only 464.2%, 128.3%, and 56.6% higher on the Old City test subset.

This may be because, due to lack of users’ history data on new locations, the inferred

localized location profiles on the New City test subset are less accurate than those

on the Old City test subset, so ELSA is less likely to recommend users’ local target

news to the top positions of recommendation lists at new locations. However, by using

the clustering or deep learning techniques for topic feature modelling, the proposed

geographical topic feature models, CLSA, ALSA and DLSA, map the Wikipedia-based

topic space to a more abstract feature topic space, where the correlations among similar

topics (e.g., topics within a category) are strengthened. Consequently, CLSA, ALSA

and DLSA can uncover users’ latent localized news preferences to make the inferred

abstract localized location profiles more accurate.
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Table 5.4: Online recommendation time-costs of ELSA, CLSA, ALSA, and DLSA (in
mins)

ELSA CLSA ALSA DLSA

The whole test set 341.3 50.56 12.48 12.72
Old City test subset 260.8 33.09 9.437 9.613
New City test subset 75.51 15.42 2.293 2.356

Efficiency and scalability

News recommendation requests real-time responses in practice; so the recommen-

dation efficiency is crucial for online location-aware news recommendation. How-

ever, due to the high volume of concepts in Wikipedia, the Wikipedia-based topic

space in ELSA is very huge. Consequently, the online news recommendation process

that requests to compute similarities between the localized location and news profiles

in ELSA is usually computationally expensive. As shown in Table 5.4, even if the

Wikipedia topic space has been limited to contain only 8, 000 most frequent topics,

the time-costs for the online recommendation processes in ELSA are still up to 341.3,

260.8 and 75.51 minutes on the Old City, the New City and the whole test (sub)sets,

respectively, which are usually unacceptable in practice.

Therefore, to ensure scalability in the real-world context, the proposed DLSA

(resp., CLSA and ALSA) solve the high-dimensionality problem by mapping the Wiki-

pedia-based topic space to a deep (resp., clusering-based and autoencoder-based) topic

feature space with much lower dimensionality. As shown in Table 5.4, although DLSA

and ALSA has to pass data through the well-trained neural networks prior to compute

similarities between deep or autoencoder-based localized location and news profiles,

the online recommendation time-costs of DLSA and ALSA on the whole test set are

still only about 1/26 of that of ELSA. In addition, although the time-cost of CLSA is
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higher than the one of DLSA and ALSA, it is still much lower than that of ELSA. Over-

all, these findings proves that, with the help of using clustering, autoencoders, and deep

neural networks for topic feature modelling, the proposed geographical topic feature

models, CLSA, ALSA and DLSA, can greatly reduce the dimensionality of the topic

feature spaces; so they can achieve much higher online recommendation efficiency

than ELSA and are more scalable in practice.

5.5.3 Effect of Considering Personal Interests

In this subsection, the effect of considering users’ personal interests in location-aware

news recommendation is evaluated. Therefore, besides ELSA, we also compare LP-

ESA with a model called spatial topical preference model (STPM) [116], which, to

our knowledge, is the only geographical topic-based news recommendation system

that considers both the locations and personal interests of users. In STPM, instead of

using ESA, the topic model used in STPM is latent Dirichlet allocation (LDA) [24].

Figure 5.10(a)-(i) depicts the news recommendation effectiveness of LP-ESA, ELSA

and STPM on three test (sub)sets (i.e., Old City test subset, New City test subset, and

the whole test set) in terms of precision at k (P@k), recall at k (R@k), and F1-score at

k (F@k), where the value of k varies from 1 to 20. Also, the results of mean reciprocal

rank (MRR) of these models on three test (sub)sets are shown in Figure 5.10(j)-(l).

Generally, as shown in Figure 5.10, LP-ESA significantly outperforms the state-

of-the-art baselines, ELSA and STPM, in terms of all metrics. Furthermore, we note

that there is no results of STPM in Figure Figure 5.10(b), (e), and (h); this is because

STPM is inapplicable to the New City test subset: given a user at a location, STPM

requests the user’s history data on this specific location to model localized news pref-

erences; however, for each sample in the New City test subset, there is no sample in the
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Figure 5.10: The news recommendation effectiveness of LP-ESA, ELSA and STPM
on three test (sub)sets in terms of precision at k (P@k), recall at k (R@k), F1-score at
k (F@k) and mean reciprocal rank (MRR), with scales on y-axis in ‰
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Table 5.5: Average P@k,R@k, F@k and MRR of LP-ESA, ELSA and STPM on three
test (sub)sets when 1 6 k 6 20 (in ‰)

Old City test subset
P@k R@k F@k MRR

STPM 0.3570 0.1080 0.1504 0.0638
ELSA 0.2834 0.2361 0.1687 0.0470

LP-ESA 0.4443 0.8420 0.4919 0.1469

New City test subset
P@k R@k F@k MRR

STPM \ \ \ \
ELSA 0.1385 0.0836 0.1009 0.0174

LP-ESA 0.1895 0.6053 0.2869 0.0818

The whole test set
P@k R@k F@k MRR

STPM 0.3240 0.0980 0.1365 0.0621
ELSA 0.3773 0.2263 0.1981 0.0569

LP-ESA 0.5675 0.6980 0.5776 0.1397

training set sharing both the same location and same user with it; so STPM is unable

to construct the localized news preferences for users in the New City test subset and,

consequently, unable to conduct news recommendation on the New City test subset.

Evaluation and Discussion

In order to evaluate the methods’ general performance in news recommendation, ac-

cording to the values in Figure 5.10, we calculate the average P@k, R@k, and F@k of

these methods on three test (sub)sets when 1 6 k 6 20, which are then summarized,

together with their numerical values of MRR, in Table 5.5.

As shown in Figure 5.10 and Table 5.5, LP-ESA outperforms ELSA in all cases,

e.g., the MRR of LP-ESA is 2.1, 3.7 and 1.5 times higher than those of ELSA on

the Old City test subset, the New City test subset and the whole test set, respectively,
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while the comparative results in P@k, R@k and F@k are also similar. These results

thus show the superiority of LP-ESA, prove the importance of taking into account

users’ personal interests for location-aware news recommendation, and greatly support

our assertion that not only the real-time geographical contexts but also long-term per-

sonal interests of users should be considered to achieve a satisfactory real-time news

recommendation.

Furthermore, LP-ESA also achieves a much better news recommendation perfor-

mance than STPM: the average values of P@k, R@k, F@k and MRR of LP-ESA on

Old City test subset are respectively 24.5%, 679.6%, 227.1% and 129.9% higher than

those of STPM. The superior performance of LP-ESA may come from the follow-

ing two aspects: (i) ESA, the topic model used in LP-ESA, which uses Wikipedia for

semantic enrichment prior to topic modelling, is more effective in geographical topic-

based news recommendation than the LDA topic model used in STMP, especially for

the short texts on the Web, e.g., tweets. (ii) Instead of using local history data of users

to model localized user preferences directly as in STPM, LP-ESA uses the users’ en-

tire history data to model general user profiles and then uses the local topic distribution

to localize the general user profiles for location-aware recommendation; consequently,

LP-ESA not only overcomes the problem in STPM, i.e., is applicable for conducting

news recommendation at new locations, but also achieves a more effective recommen-

dation, as using the entire history data provides a more comprehensive information for

modelling users’ personal interests.

5.5.4 Performance of LP-DSA

Finally, we evaluate the performance of the proposed hybrid model, LP-DSA, which

integrates the ideas of DLSA and LP-ESA and is expected to have the advantages of
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Figure 5.11: The news recommendation effectiveness of LP-DSA, DLSA, and LP-ESA
on three test (sub)sets in terms of precision at k (P@k), recall at k (R@k), F1-score at
k (F@k) and mean reciprocal rank (MRR), with scales on y-axis in ‰
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Table 5.6: Average P@k, R@k, F@k and MRR of LP-DSA, DLSA, and LP-ESA on
three test (sub)sets when 1 6 k 6 20 (in ‰)

Old City test subset
P@k R@k F@k MRR

LP-ESA 0.4443 0.842 0.4919 0.1469
DLSA 0.6374 0.9389 0.6070 0.2652

LP-DSA 0.7656 1.0083 0.7004 0.3076

New City test subset
P@k R@k F@k MRR

LP-ESA 0.1895 0.6053 0.2869 0.0818
DLSA 0.3551 0.8193 0.4867 0.1458

LP-DSA 0.486 0.932 0.6176 0.2090

The whole test set
P@k R@k F@k MRR

LP-ESA 0.5675 0.698 0.5776 0.1397
DLSA 0.9500 0.8723 0.8223 0.3224

LP-DSA 1.1162 0.9768 0.9403 0.3756

both models. Therefore, in this subsection, we use DLSA and LP-ESA as the baselines

and compare the performance of LP-DSA with these two models.

The news recommendation performances of LP-DSA, DLSA, and LP-ESA on three

test (sub)sets in terms of precision at k (P@k), recall at k (R@k), and F1-score at k

(F@k) with 1 6 k 6 20 is shown in Figure 5.11(a)-(i). The mean reciprocal rank

(MRR) of DLSA, ALSA, CLSA and ELSA on three test (sub)sets are also shown in

Figure 5.11(j)-(l). In addition, the average P@k, R@k, and F@k of LP-DSA, DLSA,

and LP-ESA on three test (sub)sets with 1 6 k 6 20 are computed and summarized,

together with their numerical values of MRR, in Table 5.6.

Generally, as shown in Figure 5.11 and Table 5.6, the recommendation performance

of LP-DSA greatly outperforms DLSA and LP-ESA in terms of all metrics on all three

test (sub)sets. This supports our conclusion that by integrating the ideas of DLSA and
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LP-ESA, LP-DSA is capable to take the advantages of both DLSA and LP-ESA and

achieves much better performance in location-aware news recommendation.

Specifically, as the deep learning extension of LP-ESA, the experimental results in

Figure 5.11 and Table 5.6 show that LP-DSA greatly enhances the performance of LP-

ESA on all test (sub)sets and in terms of all metrics. For example, on the whole test set

the average P@k, R@k, F@k, and MRR of LP-DSA are respectively 96.7%, 39.9%,

62.8% and 168.9% higher than those of LP-ESA. The improvement is mainly because:

(i) By utilizing deep neural networks to extract and compress the incoming Wikipedia-

based topic features layer by layer and finally map them to a much denser abstract

feature space with much lower dimensionality, LP-DSA can overcome the huge di-

mensionality, sparsity, and redundancy problems in LP-ESA. (ii) The deep neural net-

works in LP-DSA are trained with a recommendation-oriented objective to distinguish

the user’s local target news from the irrelevant ones. Consequently, the resulting ab-

stract features for user, location, and news profiles are very effective representations

for location-aware personalized news recommendation.

We also note that the average P@k, R@k, F@k and MRR of LP-DSA are 156.5%,

54.0%, 115.3% and 155.5% higher than those of LP-ESA on the New City test subset;

while the corresponding improvements are only 72.3%, 19.8%, 42.3% and 109.4%,

respectively, on the Old City test subset. This observation is consistent with and is

another good supporting evidence of our conclusion in Section 5.5.2 that applying

deep neural networks for topic feature modelling can uncover users’ latent preferences

to make the inferred abstract localized user profiles more accurate and remedy the

problem of lacking history data at new locations to a great extent.

Furthermore, as the personalized extension of DLSA, the average LP-DSA also

outperforms DLSA on all test (sub)sets and in terms of all metrics. For example, the
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Table 5.7: Online Recommendation time-costs of ELSA, LP-ESA, DLSA, and LP-
DSA (in mins)

ELSA LP-ESA DLSA LP-DSA

The whole test set 341.3 341.3 12.72 12.98
Old City test subset 260.8 260.7 9.613 9.781
New City test subset 75.51 75.62 2.356 2.379

MRR of LP-DSA is 16.0%, 43.4%, and 16.5% times higher than those of DLSA on

the Old City test subset, the New City test subset and the whole test set, respectively,

while the comparative results in P@k, R@k and F@k are also similar. This again

proves our assertion that it is beneficial to take into account users’ personal interests

for location-aware news recommendation.

Finally, we compare the online recommendation efficiency of ELSA, LP-ESA,

DLSA and LP-DSA. As shown in Tabel 5.7, the recommendation time-costs of LP-

ESA are very similar to those of ELSA, while the time-costs of LP-DSA are also very

close to those of DLSA. This finding indicates that considering users’ personal interests

does not degrade the recommendation efficiency of location-aware new recommender

systems. Also, the online recommendation process of LP-DSA on the whole test set

is roughly 25 times faster than that of LP-ESA. This is because, by applying deep

neural networks for topic feature modelling, the dimensionality of topic feature space

in LP-DSA becomes much lower than LP-ESA, which results in much higher online

recommendation efficiency than LP-ESA; this is also consistent with our findings in

Section 5.5.2.
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CHAPTER 6

Ontology-Based Personalized

Recommender Systems

To alleviate the need for powerful computing facilities to train deep recommendation

models, in this chapter, we further leverage the ontology techniques [58] to propose

ontology-based personalized recommender systems which utilize a novel similarity

metric, called ontological similarity, to tackle tag ambiguity and redundancy problems

without the need of model training. The novelty of the ontological similarity is to

use concept similarities in ontologies to estimate the semantic similarities of tags in

profiles, which are semantically more accurate than those generated by the state-of-the-

art similarity metrics, and can thus be applied to improve the performance of content-

based tag-aware personalized recommendation on the Social Web. Consequently, it is

a complement to deep-learning-based recommendation solutions, and will be a good

disambiguation choice for light-weight recommender systems.
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Figure 6.1: Example of a folksonomy

In content-based tag-aware personalized recommender systems, to achieve person-

alization, a similarity measure is required to estimate the relevance of a user’s pref-

erences (described by a user profile) and the social summary of items (described by

a item profile), where the vector space model (VSM) [138] is used to represent both

profiles as weighted vectors of tags. To calculate the similarity between the weighted

vectors of these two profiles, the most widely adopted measure is the cosine similarity

[32, 178]. In addition, Vallet et al. [164] propose the scalar similarity to try to im-

prove the metric by eliminating the vector length normalization factors in the cosine

similarity—the rationale behind this modification is the belief that the presence of a

large number of related tags is correlated with the popularity of the items among users,

and normalization thus penalizes popular items.

However, these two state-of-the-art similarity metrics can only match tags liter-

ally, and use their semantic content only to a very limited extent. Since users can

freely choose their own vocabulary of tags (without specifying their relationships), the

resulting tags associated with items usually contain much ambiguous or redundant in-

formation, e.g., homonyms (tags with the same spelling but of different meaning) or

synonyms (different tags of the same meaning). Thus, performing a literal matching
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over such ambiguous or redundant tags may lead to inaccurate similarity values be-

tween corresponding profiles, which greatly degrade the performance of the content-

based recommendation system. For example, we recall the folksonomy first given in

Chapter 3 and re-depict it as Figure 6.1; in this folksonomy, two users both use the tag

“Jaguar”, but the two tags actually have a different meaning: u1 uses “Jaguar” as a type

of military aircraft, while u2 uses “Jaguar” to refer to a large cat. Although these two

concepts are semantically different, the cosine and the scalar similarity of two “Jaguar”

tags are always 1 (identical). In contrast, “College” and “University” (if used as tags)

are similar in semantics, but their cosine and scalar similarity are 0 (irrelevant).

Consequently, to tackle the tag ambiguity and redundancy problems and achieve

better performance in content-based tag-aware personalized recommendation, we thus

propose a novel similarity measure, called ontological similarity, which first lever-

ages external domain ontologies to disambiguate tag information and then semanti-

cally quantifies the relevance between user and item profiles according to the semantic

similarity of the matching concepts of tags in the respective profiles.

Specifically, in this work, we propose a two-step top-down disambiguation algo-

rithm to address the tag ambiguity and redundancy problems by mapping tags to unique

matching concepts in the ontology: Given either a user or an item profile, we first map

tags in this profile to all the possible concepts in the ontology (called mapping step);

however, due to homonyms, it may be possible to map a certain tag to multiple con-

cepts (called multiple occurrence), e.g., “Jaguar” may refer to a large cat, a brand of

car, a military aircraft, or a tank destroyer, so it can be mapped to four concepts in

different contexts. To overcome this challenge, we then propose a top-down traversal

solution to use the statistic information of matching concepts of other tags in the same

profile as context to disambiguate tags with more than one matching concept (called



118

disambiguation step).

After tag disambiguation, each tag will have at most one matching concept in the

ontology, which enables us to use the semantic relevance of concepts in ontologies,

called concept similarity, to estimate the semantic similarity of the corresponding tags.

Consequently, the ontological similarity is computed as the weighted sum of all indi-

vidual concept similarity values, which is an integration of the concept similarity and

the classic cosine or scalar similarity. Intuitively, this proposed ontological similar-

ity will be able to tackle the tag ambiguity (resp., redundancy) problem by mapping

homonyms (resp., synonyms) to semantically very different (resp., close) concepts in

the ontology based on the different (resp., similar) profile context, resulting in a low

(resp., high) ontological similarity between homonyms (resp., synonyms).

The rest of this chapter is organized as follows. I first describe the new ontological

similarity measure in Section 6.1. Then, Section 6.2 presents the personalized rec-

ommendation based on this ontological similarity. Finally, Sections 6.3 provides the

experimental results.

6.1 Ontological Similarity

However, the two state-of-the-art similarity measures apply literal matching of tags;

due to ambiguous and redundant tags in folksonomies, using these two measures may

result in inaccurate similarity values between the profiles. To overcome this problem,

we propose an ontological similarity measure, which uses ontologies to disambiguate

tags and leverages concept similarities in ontologies to quantify the semantic relevance

of tags in profiles.

The computation of this ontological similarity measure mainly consists of three
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steps: (i) tag allocation: the tag in a profile is first semantically matched to a single

concept in an ontology; (ii) computing concept similarities: we then use the semantic

relevance of concepts in ontologies to estimate the semantic similarity of correspond-

ing tags; and (iii) computing ontological similarities: the ontological similarities of

profiles are obtained by integrating the concept similarities with the conventional co-

sine and scalar similarities.

In this work, we generally refer to the open directory project (ODP) taxonomy1 as

an example of the underlying domain ontology. ODP is one of the largest and most

comprehensive human-edited directories of the Web, and is widely adopted by many

other research works in Web personalization [61]. However, the methods proposed

here are not restricted to ODP and can be used with other ontologies, e.g., WordNet.

6.1.1 Tag Allocation

Ontologies can be seen as a directed graph in which concepts are interrelated mainly

via subsumption (is-a) relationships. Therefore, concepts in the ODP ontology are

organized hierarchically as a taxonomy, forming a tree structure—it can thus be seen

as an open directory of the Web.

During tag allocation, due to homonyms, it may be possible to map a certain tag to

multiple concepts (called multiple occurrence); therefore, solutions are needed to find

a most relevant concept as the matching concept of this tag. One existing method [9] is

to first map the given tag to all possible candidate concepts and then use the contextual

information of the profile to identify a most relevant concept: it estimates the similari-

ties of all combinations of this tag and one another tag in this profile by using the Wu

and Palmer concept similarity [175] in the ontology; then the candidate concept that re-

1http://www.dmoz.org/
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turns the highest Wu and Palmer similarity is selected as the matching concept. Given

an ontology with r concepts and a profile with sizem, assuming the computational cost

of the Wu and Palmer similarity to be O(1), the complexity of tag allocation for each

profile is up to O(m2 · r2) in the worst case, because there are O(m2) combinations of

tag pairs, and each pair costs O(r2) in the worst case.

However, as the first step for computing the ontological similarity, tag allocation is

invoked very frequently in ontology-based recommendation; therefore, the high com-

putational complexity of the existing tag allocation solution [9] will make the recom-

mendation process inefficient and time-consuming. Consequently, in this work, we

propose a more efficient two-step top-down traversal disambiguation method, whose

complexity is O(m · r2) (or O(m · r · log(r)), if the ontology is a balanced tree) in the

worst case. Similar to [9], the first step of this top-down strategy is to map the tags

to all possible concepts in the ODP taxonomy; and then, for each tag with more than

one matching candidate concept, we apply a top-down traversal from the root of the

tree structure, to iteratively and incrementally narrow down the number of candidate

concepts by using the statistic information of the matching concepts of other tags in

the same profile as context.

The algorithm of the top-down traversal tag allocation is provided in Algorithm 2.

Intuitively, the high efficiency of the proposed top-down traversal solution comes from

its capability to utilize the tree structure of the taxonomy to ensure the matching con-

cept can be found by following only the highest weighted branch of the tree and in-

crementally removing the candidate concepts belonging to other branches in the dis-

ambiguation step. This solution can be seen as a pruning algorithm, and its detailed

process is described as follows.

Mapping step (Lines 4–11): given a profile, for each tag, we traverse the whole
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ALGORITHM 2: TagAllocation(x,Ont)
Input: profile (either user or item profile): x, domain ontology: Ont
Output: hashmapmatch — a hashmap saving the matching concepts of tags in x

1 foreach concept c ∈ Ont do
2 cwc = 0; // Initialize the concept weight of c, denoted cwc

3 hashmapmatch = ∅;
4 foreach (tag t, weight wt) ∈ x do
5 // Mapping step
6 listt = ∅;
7 foreach concept c ∈ Ont that matches t do
8 listt.add(c);
9 UpdateConceptWeights(c, wt,Ont); // Algorithm 3

10 if SizeOf(listt) = 1 then
11 hashmapmatch.add(t, c); // set c to be the matching concept of t;

12 foreach (t, wt) ∈ x with SizeOf(listt) > 1 do
13 // Disambiguation step

14 cs = Root(Ont);
15 do
16 MaxWeight = 0;
17 MaxConcept = null;
18 foreach concept c′ ∈ ChildrenOf(cs) do
19 if DescendantsOf(c′)

⋂
listt 6= ∅ then

20 if cwc′ < MaxWeight then
21 listt.remove({DescendantsOf(c′)

⋂
listt)

22 else
23 if MaxConcept 6= null then
24 listt.remove({DescendantsOf(MaxConcept)

⋂
listt);

25 MaxWeight = cwc′ ;
26 MaxConcept = c′;

27 cs = MaxConcept // update cs to the max child concept
28 while SizeOf(listt) > 1;
29 hashmapmatch.add(t, listt[0]); // set the only concept left in listt as matching concept of t

30 return hashmapmatch.

taxonomy to identify all possible candidate concepts in the hierarchy (Lines 6–8),

where the matching is based on string equivalence; if there is no candidate concept
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ALGORITHM 3: UpdateConceptWeights(c, w,Ont)

1 cwc+ = w; // increase the concept weight of concept c by w
2 foreach concept cj ∈ AncestorsOf(c) do
3 cwcj+ = w; // increase the concept weight of concept cj by w

found for a tag, we call this tag unmatched tag; if only one candidate concept is found

for a tag, it is directly selected as the matching concept for this tag (Lines 10–11);

if more than one concept is found (multiple occurrence problem), these concepts are

marked as candidate matching concepts and eliminate its ambiguity later. To help dis-

ambiguation, we increase the concept weights (denoted cw) of the (candidate) match-

ing concept and all its ancestors by the corresponding tag weights (denoted w).

Disambiguation step (Lines 12–29): after the mapping of all tags, a top-down

traversal disambiguation process is invoked to resolve the multiple occurrence prob-

lem; specifically, for each tag with multiple candidate concepts, we first (i) assign the

root of the taxonomy to a concept variable cs (Line 14), and (ii) compare the concept

weights of the child concepts of cs that contain at least one candidate concept as its

descendant (Lines 18–26), then (iii) select the child concept with the highest concept

weight as the new cs (Line 27) and unmark the candidate concepts that are not the de-

scendants of the new cs (Lines 20–21 and 23–24); we repeat (ii) and (iii) until only one

candidate concept is left and select it as the matching concept of this tag (Lines 28–29).

The following example illustrates the top-down traversal tag allocation algorithm

and its advantage in dynamically allocating concepts to tags according to their seman-

tics.

Example 1 Consider a folksonomy extending the one of Figure 6.1, and let u be a user

who is a military enthusiast and has a user profile xu containing two tags, Apache and

Jaguar, with weights 5 and 3, respectively—i.e., xu = {(Apache, 3), (Jaguar, 5)}.
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Figure 6.2: Allocation of tags in the ODP taxonomy
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We would like to allocate these two tags to concepts in the ODP ontology as shown

in Figure 6.2. According to Algorithm 2, we first initialize all concept weights in the

ontology to 0 (as shown in Figure 6.2 (1)). Then, we traverse the whole hierarchy to

find the corresponding candidate concepts of both tags and save them in the respec-

tive lists; since there is only one candidate concept, Apache, in the list listApache, we

directly select this concept as the (direct) matching concept of the tag “Apache” and

also increase the concept weights of Apache and its ancestors by 3 (as shown in Fig-

ure 6.2 (2)).

However, as for the tag “Jaguar”, there are four candidate concepts found in the

list listJaguar (numbered for reference purposes). So, the size of the list listJaguar is larger

than 1. Consequently, we increase the concept weights of all Jaguar concepts and

their ancestors by 5 and invoke the disambiguation procedure to solve the multiple

occurrence problem as the second step. The disambiguation uses concept weights as

context to incrementally narrow the size of listJaguar. This process is started by setting

the root concept of the ODP ontology as the current concept variable cs (as shown

in Figure 6.2 (3)). Then, we compare the concept weights of cs’s child concepts, of

whom at least one of these four candidate concepts are descendants. As the child

concept Military has the highest concept weight (13 vs. 5), we remove Jaguar3 and

Jaguar4, which are not the descendants of Military, from the candidate list, listJaguar,

and reset concept Military as the new cs (as shown in Figure 6.2 (4)). As there are still

two distinct candidate concepts (Jaguar1 and Jaguar2) in listJaguar, the do-while-loop

in Algorithm 2 continues to compare the concept weights of Military’s child concepts;

at this iteration, Aircraft defeats Cavalry; so, we further remove Jaguar2, and now

listJaguar contains only one concept. We thus select the only remaining concept Jaguar1

as the matching concept of the tag “Jaguar” (as shown in Figure 6.2 (5)).
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Similarly, given an online item i about animals, with profile xi = {(Mammal, 2),

(Jaguar, 6)}, the concept Mammals can be directly identified as the matching concept

of tag “Mammals”. However, after the disambiguation process, Jaguar4 is selected

as the matching concept of the same tag “Jaguar” in profile xi (as shown in Fig-

ure 6.2 (6)). This example shows the advantage of the proposed tag allocation method-

ology in dynamically allocating tags to the semantically most suitable concepts. �

The following shows the worst case complexity of top-down traversal tag allocation

in Algorithm 2 in general cases and when the underlying taxonomy is a balanced tree.

Note that it is rare to have very unbalanced tree structure in the taxonomy in the real-

world context so the practical computational cost is usually closer to the balanced tree

case.

Proposition 1 Given a taxonomy with r concepts and a (user or item) profile of size

m, Algorithm 2 runs in time O(m · r2) in the worst case. If the taxonomy is a balanced

tree, then Algorithm 2 runs in time O(m · r · log r) in the worst case.

Proof. The for-loop in Line 1 takes time O(r) (for the initialization). The next loop

in Line 4 (for the mapping) consists of O(m · r) steps, for general taxonomies, and

O(m · log r) steps, if the underlying taxonomy is a balanced tree. More precisely, two

for-loops in Lines 4 and 7 result in O(m) iterations, if concepts are accessible in O(1),

e.g., saved in a hashmap, and the number of matching concepts is treated as a constant,

while the worst-case cost of the concept weight update in Line 9 is O(r) for general

taxonomies and O(log r) for balanced-tree taxonomies.

They are, however, dominated by the disambiguation step, whose time complexity

is O(m · r2) (resp., m · O(r log r) for balanced-tree taxonomies) in the worst case:

Line 12 is done in O(m) steps (outer for-loop in Line 12), each of them needs O(r2) in
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the worst case for general taxonomies and O(r log r) for balanced-tree taxonomies. To

see that this is the case, note that the do-loop in Line 15 together with the nested for-

loop in Line 18 results inO(r) (resp.,O(log r) for balanced-tree taxonomies) iterations

in the worst case. This is because the do-loop iteratively selects a concept in each level

of the taxonomy (from the root to a leaf in the worst case) as cs, and the nested for-

loop iteratively traverses all children of the current cs; consequently, these two loops

together result in a top-down traversal of the taxonomy following only one branch

of the tree, and each concept in this branch will be traversed at most once, such that

the number of iterations for the traversal is O(r) (resp., O(log r) for balanced-tree

taxonomies) in the worst case. However, in each iteration of the for-loop, we also have

to obtain the descendant list of the current traversed concept c′ (i.e., DescendantsOf(c′)

in Line 19), whose computational cost is O(r) in the worst case. So, each iteration

of the outer for-loop in line 12 takes O(r2) (resp., O(r · log r) for the balanced-tree

case) in the worst case, and the total worst case time complexity for Algorithm 2 is

thus O(m · r2) (resp., O(m · r · log r)). 2

6.1.2 Computation of Ontological Similarity

After the tag allocation, it is possible to compute the ontological similarity between a

given user profile and a given item profile. For a matching concept cu of a user profile

tag tu, we first define its nearest concept ci as the matching concept of a tag ti in xi

that satisfies the following two conditions: (i) the least common ancestor (lca) of cu

and its nearest concept ci must be a descendant of (or the same as) the lca of cu and any

other matching concept of a tag in xi; and (ii) if there exist other matching concepts

of a tag in xi whose lca with cu is the same as that of ci, these concepts must be in

a lower level of the hierarchy than (or the same level as) ci. The intuition behind this
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definition is that concept specifications in a taxonomy are recursively refined, so the

defined nearest concept ci is the semantically closest one to cu compared to any other

matching concept of a tag in xi.

Then, the ontological similarity can be obtained by the following steps: (1) For

each matching concept cu of a user profile tag tu, we use its semantic relevance to

the nearest concept ci of a tag ti to estimate the semantic similarity of tu and ti. This

similarity measure is called concept similarity and we use breadth-first search to find

the nearest concept in the taxonomy bottom-up. (2) We then integrate the resulting

concept similarities with the cosine or scalar similarities to get the final ontological

similarity.

The process of computing the cosine-based ontological similarity is summarized in

Algorithm 4. Generally, given a user profile xu and a item profile xi, this algorithm

estimates the semantic similarity between the two given profiles by using the concept

similarity between the matching concepts of the tags in xu and their nearest concepts

in xi. Intuitively, this ontology-based similarity will be able to achieve semantically

more accurate similarity values, because homonyms (resp., synonyms) are mapped

to semantically very different (resp., close) concepts in the ontology, based on the

different (resp., similar) profile context, resulting in a low (resp., high) ontological

similarity between homonyms (resp., synonyms) in different profiles.

Each step of Algorithm 4 is explained in detail as follows:

(1) Initialization (Lines 1–2): we first set counterc = 0 for each concept c in Ont

(Lines 1–2). The variable counterc is used to record the number of times that c

is selected as the nearest concept of a tag in the user profile.

(2) Computing Concept Similarity (Lines 4–26): For each tag tu with a weight wu in

xu, we check whether it has a matching concept cu in Ont, and whether at least
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ALGORITHM 4: OntologicalSimilarity
(
xu, xi, hashmapxu , hashmapxi ,Ont

)
1 foreach concept c ∈ Ont do
2 counterc = 0; // counts the number of times c is selected as the nearest concept

3 sumu = 0; sumi = 0; Similarity = 0;
4 foreach (tu, wu) ∈ xu do
5 sumu + = (wu)2; cu = hashmapxu .get(tu); // wu is the weight of tag tu in xu, and

cu ∈ Ont is the matching concept of tu
6 if cu 6= null and SizeOf(hashmapxi) > 0 then
7 lca = cu; lca’ = null; ci = null; // lca is found bottom-up from cu to root
8 do
9 foreach concept c′ ∈ Subtree(lca) with c′ 6∈ Subtree(lca’), in breadth-first

exploration do
10 if c′ is the matching concept of a tag ti with (ti, wi) ∈ xi then
11 // wi is the weight of tag ti in xi
12 ci = c′;
13 counterci + +;
14 break;

15 if ci = null then
16 lca’ = lca;
17 lca = Parent(lca);

18 while ci = null;
19 conSim = ConSim(cu, ci) according to Equations 6.1 or 6.2
20 else
21 // when tu is unmatched tag, or no tag in xi has matching concept
22 if tu = ti for a (ti, wi) ∈ xi then
23 conSim = 1
24 else
25 conSim = 0;

26 Similarity + = wu · wi · conSim;

27 foreach (ti, wi) ∈ xi do
28 k = 1;
29 if counterci > 1 then
30 k = counterci ;

31 sumi + = k · (wi)2;

32 ontSimCosine = Similarity√
sumu·

√
sumi

; // according to Equation 6.3

33 return ontSimCosine.
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one tag in xi has a matching concept (Line 6). If not, we set the concept similarity

to 1, if tu is also in xi, and to 0, otherwise (Lines 20–25). If a matching concept

is found, we conduct a bottom-up search to find its nearest concept ci and lowest

common ancestor concept (lca), and then compute the concept similarity of cu

and ci, using the measures defined in Equation 6.1 (Lines 7–19). The detailed

search process is as follows:

(i) We first assume lca is cu and use lca’ to store the lowest common ancestor

selected in the last iteration (Line 7).

(ii) For each concept c′ in the subtree with lca as root and also not in the subtree

with lca’ as root, we check whether c′ is the matching concept of a tag t′

in xi. If so, we select c′ as the nearest concept ci of cu, increase counterci

by one, and stop the search (Lines 9–14). To make sure that the first found

matching concept of xi is the nearest concept of cu as defined above, we

use breadth-first search.

(iii) After the traversal of the subtree, if there is no valid ci found, we set the

value of lca’ to be lca and use the parent concept of the current lca as the

new lca (Lines 15–17). Steps (ii) and (iii) are repeated until a valid ci is

found (Line 18).

(3) Computing Ontological Similarity (Lines 27–32): Finally, the ontological simi-

larity is computed according to the proposed metric in Equation 6.3, which inte-

grates the concept similarity with the traditional cosine similarity (line 32).

The algorithm of computing the scalar-based ontological similarity is very similar

to Algorithm 4, except that it does not require the normalization factors in Lines 3, 5,
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and 27–31, but returns directly the weighted sum of concept similarities in Line 26 as

the scalar-based ontological similarity (see Equation 6.4).

The following result states the cost of computing ontological similarities with Al-

gorithm 4 (when the matching between tags and concepts is also a part of the input in

the form of an assignment of concepts to tags and vice versa).

Proposition 2 Given a taxonomy with r concepts, user profile of size mu, and a item

profile of size mi, Algorithm 4 runs in time O(mu · (r +mi)) in the worst case.

Proof. The for-loop in Line 1 takes O(r) steps. The loop in Line 4 consists of O(mu)

steps, each of which in the worst case consists of O(r) steps. This is because the

statement in Line 9 makes sure that each concept in the ontology will be traversed at

most once in the do-while loop in Lines 8–18. In addition, checking whether tu is also

contained in xi in Line 22 needs O(mi). Finally, the loop in Line 27 takes time O(mi).

The total worst-case running time is therefore O(mu · (r +mi)). 2

Concept Similarity

To measure the similarity between two concepts, we make use of two effective metrics

based on two important dimensions of taxonomies, i.e., the concepts’ relative depth

and their shortest path, whose effectiveness has been well-proven in existing works

[52, 102, 124]. However, the use of the proposed technique is not restricted to these

two path-based metrics; other metrics, such as the information-content-based Jiang-

Conrath similarity [76] and the Lin similarity [104] can also be adopted.

The relative depth in the taxonomy of the concepts is an important dimension, be-

cause concept specifications are recursively refined, so: (i) concepts in upper levels are

less similar than those in lower levels; and (ii) concepts subsumed by an upper common
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ancestor are more different than those subsumed by a lower ancestor. Consequently,

a classic hierarchy-based metric [52, 175] can be used to define the similarity of two

concepts cu and ci, namely:

ConSim1(cu, ci) =
2 · l(lca(cu, ci))

l(cu) + l(ci)
, (6.1)

where lca(cu, ci) denotes the lowest common ancestor of concepts cu and ci, and l(c)

denotes the level of a concept c (with l(root) = 0).

Moreover, since the shorter the shortest path between two concepts is, the (seman-

tically) closer the two concepts are, another metric is to compute the similarity between

two concepts by the reciprocal of their shortest path length [132]. Formally, for two

concepts cu and ci:

ConSim2(cu, ci) =
1

SP(cu, ci) + 1
, (6.2)

where SP(cu, ci) is the shortest path between cu and ci; and we have SP(cu, ci) =

l(cu) + l(ci) − 2 · l(lca(cu, ci)), if the ontology forms a tree structure, like the ODP

taxonomy.

Example 2 Continuing Example 1, the concept similarities for the tags in xu and xi are

computed as follows. For Jaguar1, we conduct breadth-first search for subtrees, using

its ancestors (bottom-up) as subtree root, and find that its nearest concept is Mammals,

and the lca is the root concept. As l(root) = 0 and l(Jaguar1) = l(Mammals) = 3,

the concept similarity in Equation 6.1 is ConSim1(Jaguar1, Mammals) = 2·0
3+3

= 0.

Similarly, ConSim1(Apache,Mammals) = 0. The concept similarity in Equation 6.2

for these two cases can be computed analogously. �



132

Ontological Similarity

Finally, the ontological similarity between two profiles xu and xi is computed as the

weighted sum of all individual concept similarity values, which is an integration of

the concept similarity and the classic cosine or scalar similarity. Formally, the cosine-

based ontological similarity is defined as follows:

ontSimCosine(xu, xi) =

∑|Tu|
j=1 (wuj ·wij

·ConSim(cuj ,cij ))√∑|Tu|
j=1 (wuj )2·

√∑|Ti|
nc=1 knc·(winc )2

, (6.3)

where |Tu| and |Ti| are the numbers of different tags in xu and xi, respectively; cuj is the

matching concept of a tag tuj in xu; cij is cuj ’s nearest concept mapped by tij in xi; and

wuj , wij , and winc are the weights of tags tuj , tij , and tinc , respectively. As some con-

cepts in xi may be used multiple times as the nearest concept of different concepts in xu

(e.g., Mammals is used for both Apache and Jaguar1 in Example 2), knc is the number

of times that tinc’s matching concept is used as the nearest concept, if tinc is a multi-

selected tag; otherwise, knc = 1 (see Lines 27–29 in Algorithm 4). ConSim(cuj , cij) is

the concept similarity of cuj and cij as predefined, if tuj has a matching concept; if tuj

is unmatched, then ConSim(cuj , cij) is 1, if the same tag is in xi, and 0, otherwise.

Similarly, the Scalar-based ontological similarity is formally defined as follows:

ontSimScalar(xu, xi) =
∑|Tu|

j=1(wuj · wij · ConSim(cuj , cij )), (6.4)

The following example illustrates the computation of the above ontological simi-

larity measure as well as its advantages.

Example 3 Consider again the running example, and adopt Equation 6.1 for con-

cept similarity. Then, it is straightforward to compute the cosine-based ontological

similarity between xu and xi as ontSimCosine(xu, xi) = 0, because ConSim1(Jaguar1,
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Mammals) = ConSim1(Apache,Mammals) = 0.

However, given a new online item i′ regarding a military organization with xi′ =

{(Military, 10)}, as in Examples 1 and 2, we obtain ConSim1(Jaguar1,Military) =

ConSim1(Apache,Military) = 2·1
1+3

= 0.5. Subsequently, we compute the ontological

similarity value between xu and xi′ as follows:

ontSimCosine(xu, xi′) =
5 · 10 · 0.5 + 3 · 10 · 0.5√
(5)2 + (3)2 ·

√
2 · (10)2

= 0.485,

where the weight of Military is multiplied by k = 2 in the normalization, because it is

selected as the nearest concept twice for both Jaguar1 and Apache.

Hence, i′ will be re-ranked much higher than i, which is intuitively consistent with

the user’s preferences. On the contrary, if we adopt the cosine or scalar similarity for

personalized re-ranking, it will result in an incorrect ranking: i is ranked higher than

i′, as xi shares the tag “Jaguar” with xu. �

6.2 Personalized Recommendation Based on Ontologi-

cal Similarity

Finally, an algorithm that uses the ontological similarity between the user profile and

item profiles to achieve personalized recommendation on the Social Web is presented

in this section.

In this work, we reasonably assume that the user’s preferences (described by the

user profile) and the social summaries of items (described by the item profiles) are

usually stable in a short period of time. Therefore, for a given user, we first conduct

an off-line pre-processing to compute the ontological similarities between this user’s

profile and the item profiles, and then store the resulting similarity values for the eval-
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ALGORITHM 5: PrecomputeOntologicalSimilarity(xu, listxi , Ont)

Input: User profile xu, a list of item profiles listxi , and domain ontology Ont
Output: listontSim — a list stores the resulting ontological similarity values

1 hashmapxu = TagAllocation(xu, Ont); // Algorithm 2
2 foreach xij ∈ listxi do
3 hashmapxi = TagAllocation(xij , Ont); // Algorithm 2
4 Simxij

= OntologicalSimilarity(xu, xij , hashmapxu , hashmapxiOnt); // Algorithm 4
5 listontSim.add(Simxij

);

6 return listontSim.

uation of online personalized recommendations. Note that, to adapt to changes of user

and item profiles, periodic profile updates can be conducted, and the similarity compu-

tation process can be done again.

The pre-computation of ontological similarities is described in Algorithm 5. It

takes as input a weighted vector denoting a user u’s profile (xu), a list of weighted

vectors denoting item profiles (listxi), and an external domain ontology (Ont). This

algorithm consists of three steps: first, it allocates (maps) tags in xu to concepts in

Ont (Line 1); then, for each item ij in the list listxi , it allocates tags in xij to concepts

in Ont, computes the ontological similarity of xu and xij , and includes the resulting

ontological similarity in a list listontSim (Lines 2–5). The list is finally returned for

future use in personalized recommendation (Line 6).

The following result states the computational cost of Algorithm 5.

Proposition 3 Given a taxonomy Ont with r concepts, a user profile xu of size mu,

and a item profile list listxi of length n, with item profiles xij of size mi, Algorithm 5

runs in time O(n · mi · r2 + n · mu · (r + mi) + mu · r2) in the worst case. If the

underlying taxonomy is a balanced tree, then the worst-case complexity of Algorithm 5

is O(n ·mi · r · log r + n ·mu · (r +mi) +mu · r · log r).

Proof. According to Proposition 1, allocating user profile tags in Line 1 takes O(mu ·
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r2) (resp., O(mu ·r · log r) for a balanced-tree taxonomy) in the worst case. In addition,

the for-loop in Line 2 takes n steps, each of which in the worst case needs O(mi · r2 +

mu · (r + mi)) (resp., O(mi · r · log r + mu · (r + mi)) for the balanced-tree case):

specifically, allocating item profile tags in Line 3 takes O(mi · r2) (resp., O(mi · r ·

log r)), and the computation of the ontological similarity in Line 4 takes O(mu · (r +

mi)) based on Proposition 2. So, the total worst-case running time of Algorithm 5 is

O(n ·mi · r2 + n ·mu · (r +mi) +mu · r2) (resp., O(n ·mi · r · log r + n ·mu · (r +

mi) +mu · r · log r) for the balanced-tree case). 2

So, based on Equation 3.1, personalized recommendation can be done by sorting

the items according to ontological similarity values in the returned list. The next result

states the computational cost of this ontological-similarity-based recommendation.

Proposition 4 Given a pre-computed ontological similarity list listontSim of size n,

the time needed for personalized recommendation using the ontological similarity is

O(n · log n) in the worst case.

Proof. Given the ontological similarity values, for personalized recommendation, we

have to sort n items, whose complexity is O(n · log n) in the worst case. 2

6.3 Experiments

In this section, extensive experiments are conducted to evaluate the performance of the

ontological-similarity-based personalized recommender systems from three perspec-

tives: tag disambiguation, tag-to-ontology allocation, and personalized recommenda-

tion.

Experiments are conducted over a public real-world Delicious dataset, which is

gathered from the Delicious bookmarking system and is released in HetRec 2011 [34].
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Table 6.1: Dataset information
Users Tags Items Assignments

1 843 3 508 65 877 339 744

To cut down the time of calculation, we conduct a preprocessing to remove infrequent

tags, i.e., tags that are used less than 15 times. The statistic information about the

resulting dataset is as shown in Table 6.1, where 41.9% of users have less than 50 tags;

31.3% and 22.8% of users have 50-100 and 100-200 tags, respectively; and only 4% of

users have more than 200 tags.

Furthermore, as stated previously, we use the ODP taxonomy as the underlying

ontology, which contains 802 456 categories (i.e., concepts) in total; while 1 637 tags

(47.7% of all the tags) in the Delicious dataset can be mapped to the ODP taxonomy.

All models are implemented using Python, and run on a server with two 8 core Haswell

processors and 128 GB memory.

6.3.1 Performance in Tag Disambiguation

As discussed in Chapter 2, there are existing works also focusing on the similarity be-

tween tags, which can be applied to disambiguate synonyms and homonyms using their

most related tags. According to the results in [38] and [110], distributional measures

generally have the best performance in measuring tag relatedness. Therefore, to show

the strength of the proposed ontology-based solution in solving the tag ambiguity and

redundancy problems, tag-context-based, item-context-based, and user-context-based

distributional measures (denoted tagCont, docCont, and userCont, respectively) as de-

fined in [38] are selected as the baselines of the tag disambiguation performance eval-

uation.
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Evaluation Methodology

As distributional measures rely on the most related tags for tag disambiguation, their

tag disambiguation performances depend on the semantic distance in ontology between

tags and their most related tags. Similarly, as for the proposed ontology-based solu-

tion, the most related tag for a tag can be defined as the tag whose mapping concept

has the highest concept similarity with the matching concept of the given tag. Con-

sequently, we use the average semantic distance between tags and their most related

tags to evaluate the tag disambiguation performance of the proposed ontology-based

solution and the three baselines. For a fair comparison, the semantic distance is es-

timated by the shortest-path-based semantic grounding measurement as used in [38]

and [110]; here, ODP is used as the underlying ontology for semantic grounding, and

the cosine similarity is used to estimate the similarity between distributional vectors

for the baselines.

The shortest-path-based semantic grounding is conducted using the same process

as in [38]: for each tag in the Delicious dataset, we first find its most related tags, using

the distributional measures tagCont, docCont, and userCont, as well as the ontology-

based solution. Then, for each tag with matching concept in the ODP taxonomy, if

its most related tag also has matching concepts, we estimate the semantic distance

between the matching concepts of this tag and its most related tag by the length of the

shortest path between the concepts. If either the original or the most related tag has

more than one matching concept, we compute the semantic distance for all possible

combinations of matching concepts and select the minimal value. As for the proposed

ontology-based solution, both concept measures based on relative depth of concepts

and the shortest path (as defined in Equation (6.1) and (6.2)) are used and denoted as

Onto-based1 and Onto-based2, respectively.
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Figure 6.3: Average semantic distance of docCont, tagCont, userCont, Onto-
based1, and Onto-based2, estimated by the average length in the ODP taxonomy of
the shortest paths between the matching concepts of original tags and those of their
most related tags

Experimental Results

Figure 6.3 depicts the average semantic distances of docCont, tagCont, userCont,

Onto-based1, and Onto-based2, estimated by the average lengths of the shortest paths

in the ODP taxonomy from the matching concepts of original tags to those of the

most related tags. Generally, the shorter the average semantic distance, the better the

disambiguation performance.

As shown in Figure 6.3, Onto-based1 and Onto-based2 both greatly outperform

all the baselines: their average semantic distances are less than half of that of the best

baseline, docCont, while the performance of Onto-based2 is slightly better than Onto-

based1. The superior performance of ontology-based methods is mainly because: for

a given tag, the ontology-based methods find its most related tag as the tag mapping to

a concept that has the highest concept similarity to the given tag’s matching concept in

ODP; especially, for Onto-based2, the selected matching concept of the most related

tag is guaranteed to be the one with the shortest path to the given tag’s matching con-
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cept among all matching concepts in ODP; so, its average shortest path (and semantic

distance) is guaranteed to be optimal.

Despite achieving superior performance in tag disambiguation, the ontology-based

solution has still a limitation: due to the need of mapping tags to ontologies, it can only

disambiguate tags that can be mapped to ontologies. Therefore, although we have con-

sidered the similarity between unmatched tags using the cosine similarity (Lines 20-25

in Algorithm 2), it will still be beneficial to integrate the non-ontology-based disam-

biguation solutions, such as co-occurrence tags and distributional measures [110], to

further address the ambiguity problem in the unmatched tags, so as to further enhance

the recommendation performance. As we focus on an ontology-based solution in this

work, this hybrid solution will be investigated in the future work.

6.3.2 Performance in Tag-to-Ontology Allocation

As for allocating tags to the underlying ontology, the main challenge is the multiple

occurrence of matching concepts due to homonyms. The state-of-the-art tag allocation

strategy [9] first maps a given tag to all possible candidate concepts in the ontology and

then uses the contextual information of its profile to identify the most relevant concept

by computing the similarity of all combinations of the given tag and another tags in

this profile using the Wu and Palmer similarity [175] in the ontology. This strategy

is denoted Wu&Palmer and considered as the competitor to the proposed top-down

traversal tag allocation strategy in evaluating its tag allocation performance.

Evaluation Methodology

To evaluate the tag-to-ontology allocation accuracy, we aim to investigate how seman-

tically relevant the matching concept selected by a given tag allocation strategy is to
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the profile context of the given tag; such that the more the selected matching concept

is semantically relevant to the profile context, the better the tag allocation strategy.

Therefore, we design an automatic quantitative evaluation based on the following

assumption: for a given tag in a given profile, its selected matching concept is believed

to be semantically relevant to the context of the profile, if this matching concept’s

average semantic distance to the matching concepts of all other tags in this profile is

low; so, the lower the average semantic distance, the more semantically relevant the

matching concept to the profile context.

Therefore, for each tag in a given user or item profile having a matching concept se-

lected by a tag allocation strategy, we compute the average semantic distance between

its matching concept to all other selected matching concepts in the same profile. Then,

the tag-to-ontology allocation performance of the two strategies are evaluated based on

a mean average semantic distance (denoted as MASD), formally defined as follows:

MASD = 1
Np

∑Np

a=1
1
Nt

a

∑Nt
a

j=1 aveSemDis(ca,j), (6.5)

where Np is the number of profiles, N t
a is the number of tags with matching con-

cepts in profile a, ca,j is the selected matching concept of tag j in profile a, and

aveSemDis(ca,j) is the average semantic distance of ca,j to all other selected match-

ing concepts in profile a. Here, same as Section 6.3.1, the shortest path is used as the

measure of semantic distance.

In addition, as the first step for computing the ontological similarity, tag allocation

is invoked very frequently in ontology-based recommendation; therefore, besides allo-

cation accuracy, the allocation efficiency is also a very critical factor to ensure the quick

response for real-time online recommendation. Actually, as stated in Section 6.1.1, the
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Table 6.2: Accuracy and efficiency of tag-to-ontology allocation
MASDi timei MASDu timeu

Wu & Palmer 3.708 0.280 secs 8.785 2.69 secs
Top-Down 4.069 0.057 secs 9.415 0.44 secs

propose of proposing the top-down traversal tag allocation strategy in this work is

to overcome the high computational complexity problem in the existing strategy [9].

Therefore, we record the average tag allocation time-cost of both strategies, where the

top-down traversal strategy is expected to have much shorter allocation time than the

baseline.

Experimental Results

Table 6.2 shows the mean average semantic distance (MASD) of allocating tags in

all item and user profiles (denoted MASD i and MASDu, respectively), using the ex-

isting strategy based on Wu and Palmer similarity (denoted Wu&Palmer) and the

proposed top-down traversal strategy (denoted Top-Down), as well as their average

time-costs for allocating tags for each user and item profile (denoted timei and timeu,

respectively).

As shown in Table 6.2, as for tag allocation in item profiles, the MASD i’s of

Wu&Palmer and Top-Down are very close (3.708 vs. 4.069), while the time needed

for Wu&Palmer is 4.9 times as long as that of Top-Down (0.280 secs vs. 0.057

secs). Similarly, for the user profiles, the MASDu of Top-Down is only 7.1% higher

than that of Wu&Palmer (8.785 vs. 9.415) but its mapping efficiency is about 5.1

times quicker than that of Wu&Palmer (2.69 secs vs. 0.44 secs). These results

prove that the proposed top-down traversal tag allocation strategy is much more effi-

cient (around 5 times quicker) than the existing tag allocation baseline [9], while main-
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taining a very close allocation accuracy. This is also consistent to our computational

complexity analysis in Section 6.1.1.

6.3.3 Performance in Personalized Recommendation

Finally but most importantly, we evaluate the performance of the proposed ontological-

similarity-based recommendation model in content-based tag-aware personalized rec-

ommendation. Therefore, two content-based tag-aware personalized recommender

systems based on the widely used state-of-the-art similarity metrics, cosine similar-

ity [178] and scalar similarity [164], are selected as baselines and denoted Cosine and

Scalar, respectively.

In addition, we implement the ontological-similarity-based recommender systems

using all combinations of concept similarity measures and ontological similarity mea-

sures introduced in this chapter, resulting in two systems based on scalar-based on-

tological similarity using either concept similarity ConSim1 (denoted OntoScalar1)

or ConSim2 (denoted OntoScalar2), and the other two systems based on the cosine-

based ontological similarities (denoted OntoCos1 and OntoCos2, respectively).

Evaluation Methodology

Although the relevance and/or value of personalization depends on users’ subjective

views, several studies [19, 22, 83] have shown that users’ tagging behaviour is closely

correlated with their personal relevance judgement; i.e., if a item is annotated by a user

with certain tags, this item is very likely to be visited by the same user, if it appears as

a recommendation result. This is the basis of the automatic evaluation: the plausible

items in personalized recommendation are the ones annotated by a user.

Therefore, we assume that the target items of a given user are those annotated by
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this user. Thus, for each user u annotating more than one item in the dataset, we ran-

domly select at least one item i annotated by this user as his/her target item and put

the selected (u, i) pairs in a testing dataset, where we aim at recommending i given u

in the testing. Then, for each (u, i) pair in the testing set, we remove from the dataset

all the assignments given by u to i; the remaining assignments in the dataset are used

as historical dataset which is used to construct user and item profiles for content-based

tag-aware personalized recommendations. Finally, we get 3 529 user-item pairs in the

testing dataset and 274 362 assignments in the history dataset. We name the remain-

ing dataset as historical dataset, instead of training dataset, to emphasize that, differ-

ently from machine-learning-based solutions, the recommendation solutions presented

in this work do not need model training; so the historical dataset is not used for training

but only used to construct user and item profiles.

As for the evaluation of the personalized recommendation, we continue to use the

precision at k (P@k), recall at k (R@k), F1-score at k (F@k), and mean reciprocal

rank (MRR) as defined in Section 4.3 of Chapter 4.

Results and Evaluations

In this section, we compare the personalized recommendation performances of tag-

aware content-based recommender systems using ontological similarities to those us-

ing the conventional cosine and scalar similarities.

Figure 6.4 depicts in detail the personalized recommendation performances of the

four ontological-similarity-based recommender systems (denotedOntScalar1,OntSc-

alar2, OntCos1, and OntCos2) and the cosine-similarity-based and scalar-similarity-

based recommender systems (denoted Cosine and Scalar, respectively) on the De-

licious dataset, in terms of MRR, P@k, R@k, and F@k with cut-off ranks k = 5,
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Figure 6.4: The recommendation performance of Scalar, OntScalar1, OntScalar2,
Cosine, OntCos1, and OntCos2 on in terms of precision at k (P@k), recall at k
(R@k), F1-score at k (F@k), and mean reciprocal rank (MRR)

10, . . . , 40. In addition, to evaluate their general performances, we further calculate

the average P@k, R@k, and F@k of these recommender systems, which are then

summarized, together with their numerical values of MRR, in Table 6.3.

Generally, as shown in Figure 6.4 and Table 6.3, the recommender systems based

on the scalar-based similarity metrics, Scalar, OntScalar1, and OntScalar2, greatly

outperform those based on the cosine-based similarity metrics, Cosine, OntCos1, and

OntCos2. This is consistent with the results reported in [164] that scalar similarity can

outperform cosine similarity in content-based tag-aware personalized recommendation

by eliminating the profile length normalization factors.
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Table 6.3: Average P@k,R@k, F@k, and MRR of Scalar,OntScalar1,OntScalar2,
Cosine, OntCos1, and OntCos2 when k = 5, 10, . . . , 40

P@k R@k F@k MRR

Scalar 0.00207 0.01708 0.00360 0.00353
OntScalar1 0.00268 0.02293 0.00462 0.00466
OntScalar2 0.00231 0.01907 0.00400 0.00398

Cosine 0.00079 0.00676 0.00132 0.00135
OntCos1 0.00113 0.01032 0.00191 0.00202
OntCos2 0.00094 0.00867 0.00160 0.00160

In addition, the recommender systems based on the scalar-based ontological sim-

ilarities, OntScalar1 and OntScalar2, always outperform the recommender system

based on the traditional scalar similarity, Scalar, at all cut-off ranks k and in terms of

all evaluation metrics. Similarly, the recommender systems using the cosine-based on-

tological similarities,OntCos1 andOntCos2, also outperform the one using the cosine

similarity, Cosine, in all cases. This finding demonstrates our conclusion that the pro-

posed ontological similarity can significantly improve the performances of traditional

similarity metrics in content-based tag-aware personalized recommendation by using

ontologies to address the tag ambiguity and redundancy problems, and to semantically

measure the profile similarities.

Finally, the recommender systems using ontological similarities that are based on

Consim1, i.e.,OntScalar1 andOntCos1, generally outperforms those usingConsim2

based ontological similarities, i.e.,OntScalar2 andOntCos2. Specifically,OntScalar1

achieves the best performance among scalar-based recommender systems: its perfor-

mance is 16.0%, 20.2%, 15.5%, and 17.1% (resp., 29.5%, 34.3%, 28.3%, and 32.0%)

higher than that of OntScalar2 (resp., Scalar) in terms of the average P@k, R@k,

F@k, and MRR, respectively. Similarly, the performance of OntCos1 is 20.2%,



146

19.0%, 19.4%, and 26.3% (resp., 43.0%, 52.7%, 44.7%, and 49.6%) higher than that

of OntCos2 (resp., Cosine) in the average P@k, R@k, F@k, and MRR, respectively.

This observation asserts that the concept similarity Consim1, that is based on relative

concept depth (as defined in Equation 6.1), may be more effective than the shortest-

path-based concept similarity Consim2 (as defined in Equation 6.2) in measuring the

semantic relevance between matching concepts of tags in profiles, and thus achieves

better performance in ontology-based personalized recommendation.

Evaluation vs. HDLPR-NS

The deep-learning-based HDLPR-NS model (as presented in Chapter 4) is also pro-

posed in the context of tag-aware personalized recommendation for disambiguation.

However, it is not particularly designed for light-weight recommender systems. To

evaluate the pros and cons of the proposed ontological similarity, we further compare

it with HDLPR-NS.

We note that the design of experimental studies for HDLPR-NS in Chapter 4 is

slightly different to the experimental settings here. In this section, we select only a

few user-item testing samples for each user (resulting only 3529 samples in the testing

dataset) to simulate the practical usage of light-weight recommender systems. How-

ever, in HDLPR-NS, we randomly select 15% of assignments as testing samples to

simulate the various usage patterns of different users, resulting various numbers of

testing cases for different users (ranging from one or two to tens and even hundreds).

Therefore, we re-run HDLPR-NS using the data partition as shown in section 6.3.3.

Too keep fair comparison, we do not construct a validate dataset (otherwise, it will

change the data partition) but train the model for 100 runs, which are generally suf-

ficient to reach convergence according to the previous finding in section 4.3.2 (i.e.,
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Table 6.4: HDLPR-NS vs. OntScalar1

avg. time P@k R@k F@k MRR

HDLPR-NS 1.83 secs 0.003315 0.03147 0.00625 0.00645
OntScalar1 0.17 secs 0.00268 0.02293 0.00462 0.00466

training of HDLPR-NS converge within tens of runs). The performance of HDLPR-

NS in terms of average time-cost of a testing case, P@k, R@k, F@k, and MRR, are

exhibited in Table 6.4.

As The results in Table 6.4 mainly indicate the following observations: (i) The

scalar-based ontological similarity has much lower time-cost for recommendation than

HDLPR-NS (0.17 secs vs. 1.78 secs). (ii) With no surprise, the recommendation

accuracy of HDLPR-NS is better than OntScalar1, in terms of P@k, R@k, F@k, and

MRR. Therefore, although HDLPR-NS can achieve better recommendation accuracy

than OntScalar1, its computational cost is significantly higher than OntScalar1. This

proves that HDLPR-NS is generally a better choice for tag-aware recommendation,

and the proposed ontological similarity is a reasonable disambiguation alternative for

light-weight recommender systems without powerful computing capability.



CHAPTER 7

Comparisons and Suggestions

In this chapter, we will compare the proposed recommendation models, HDLPR-NS,

LP-DSA, and OntSim, to advise their relative merits and potential real-world applica-

tions. The comparisons here are based on four perspectives, application area, person-

alization, main challenge, and technique used, as listed in Table 7.1

We first compare HDLPR-NS and LP-DSA. Overall, HDLPR-NS is proposed in

the context of tag-aware personalized recommendation, while LP-DSA is proposed for

geographical topic-based location-aware news recommendation. Therefore, HDLPR-

NS can be applied to recommend any kind of objects with social tag annotations, while

LP-DSA specifically focus on the recommendation of location-sensitive objects based

on geographical topics.

In addition, the user profile in HDLPR-NS is modelled from users’ historical tag-

ging activities, reflecting solely their long-term interests. Differently, LP-DSA consid-

ers both users’ long-term interests and their real-time geographical context for person-

148
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Table 7.1: Comparisons of the proposed recommendation models

Application
Area

Personalization Main Challenge Technique
Used

HDLPR-NS tag-aware interests uncontrolled vocabulary
in social tag space

deep
learning

LP-DSA topic-based
location-

aware

interests &
locations

sparsity, redundancy and
high-dimensionality in
Wikipedia topic space

deep
learning

OntSim light-weight
tag-aware

interests disambiguation without
model training

ontology

alization. Consequently, LP-DSA is better at capturing the evolve of users real-time

preference with the change of locations.

Since HDLPR-NS and LP-DSA have similar challenges (sparsity, ambiguity, re-

dundancy, and high-dimensionality) in different context (social tag space and Wikipedia-

based topic space), both of them are extensions of a basic recommendation-oriented

deep model, deep-semantic similarity-based personalized recommendation (DSPR)

model, that is presented in 4. Therefore, due to its repeated success in solving the

sparsity, ambiguity, redundancy, and high-dimensionality problems, and its capability

in modelling recommendation-effective topic feature representations, DSPR is a po-

tential effective solution for similar problems in other topic-based recommendation,

question answering or search applications [84, 105, 125, 129, 194, 177], where an ad-

vanced model, HDLPR-NS or LP-DSA, may be applied to further enhance the model’s

efficiency or bring in location-aware modelling.

In addition, since the proposed recommendation-oriented deep models have much

more stable performance than the baselines, i.e., clustering and autoencoders, in the

cross-domain Delicious dataset, they may also greatly contribute to the rapidly devel-
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oping applications of cross-domain recommendation [49, 168] and multi-task learn-

ing [10, 77, 98] on the Social Web.

We then compare HDLRP-NS with the ontology-based recommendation model,

OntSim. Similar to HDLPR-NS, OntSim is also proposed in the context of tag-aware

personalized recommendation for disambiguation purpose. However, it is specifically

designed for light-weight recommender systems, which alleviate the need of powerful

computing facilities in deep model training.

The tag-aware recommendation performances of HDLRP-NS and OntSim have

been compared in Section 6.3.3. The results show that HDLPR-NS achieve better rec-

ommendation accuracy than OntSim, with the cost of much higher computational cost.

Therefore, HDLPR-NS is generally a better choice for tag-aware recommendation,

while OntSim is a reasonable disambiguation alternative for light-weight recommender

systems without powerful computing capability. The potential applications of OntSim

on the social Web are item recommendation plugins for small-size online shops, friend

recommendation services in social networking iOS/Android apps, and so on.



CHAPTER 8

Conclusions and Future Work

8.1 Conclusions

In this thesis, I developed effective and efficient personalized recommender systems

on the Social Web using social annotations, which mainly focused on the following

three important sub-fields: tag-aware personalized recommender systems, location-

aware personalized news recommender systems, and ontology-based personalized rec-

ommender systems.

First of all, in Chapter 4, to address the sparsity, ambiguity, and redundancy prob-

lems in the social tag space, we proposed a tag-aware personalized recommender sys-

tem using a deep-semantic similarity model, DSPR, to extract dense, abstract, and

recommendation-oriented representations for social tags. Experimental studies showed

that DSPR achieved superior performance in tag-aware personalized recommenda-

tions; however, it had relatively high training time-cost. Consequently, we further
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proposed an improved model, HDLPR-NS, to use hybrid deep learning and negative

sampling to greatly reduce the system’s training time and to ensure a good scalability

in practice. Experiments showed that DSPR and HDLPR-NS both significantly out-

performed the state-of-the-art baselines in personalized recommendation in terms of

MRR, P@k, R@k, and F@k. In addition, the training efficiency of HDLPR-NS was

hundreds of times better than the one of DSPR, while maintaining a similar training

quality and performance in personalized recommendation.

Second, for the location-aware news recommendation in Chapter 5, we identified

two drawbacks of the state-of-the-art location-aware news recommendation model,

ELSA: (i) there exists high-dimensionality, sparsity, and redundancy problems in the

Wikipedia-based topic space of ELSA, and (ii) ELSA does not use the users’ long-term

personal interests for personalized news recommendation. Motivated by these obser-

vations, to improve the performance of location-aware news recommender systems,

we first proposed the CLSA, ALSA, and DLSA models to apply topic feature mod-

elling to resolve the former problem; then we proposed a LP-ESA model to address

the latter problem by extending ELSA to also consider the user’s interests for news

recommendation. Finally, we proposed a hybrid model, LP-DSA, which combined

and had the advantages of DLSA and LP-ESA. Extensive experiments on a public

real-world dataset showed that: (i) The proposed CLSA, ALSA, and DLSA models all

greatly outperformed the state-of-the-art geographic topic model, ELSA, in location-

aware news recommendations in terms of both the recommendation effectiveness and

efficiency, where DLSA further outperformed CLSA and ALSA in recommendation

effectiveness. (ii) LP-ESA significantly outperformed the baselines, ELSA and STPM,

in terms of all evaluation metrics. (iii) The hybrid model, LP-DSA, that integrated

DLSA and LP-ESA, was capable to take the advantages of both models and result in



153

higher recommendation effectiveness than DLSA and LP-ESA. (iv) With the help of

deep neural networks, LP-DSA and DLSA had much lower online recommendation

time-cost (about 25 times quicker) than LP-ESA and ELSA.

Third, in Chapter 6, we proposed ontology-based personalized recommender sys-

tems which utilize a novel ontological similarity measure to address ambiguity and

redundancy problems in the social tag space without the need of model training. The

ontological similarity used the concept similarity in ontologies to estimate the semantic

relevance of tags in profiles, which was then used to semantically measure the simi-

larity between user and item profiles. In Chapter 6, we first developed a two-step

top-down disambiguation algorithm in order to solve the multiple occurrence chal-

lenge caused by ambiguous tags at the stage of tag allocation. Then, an algorithm

was proposed to use the concept similarity in the ontology to compute the ontolog-

ical similarity. Finally, an algorithm that uses the ontological similarity for content-

based tag-aware personalized recommendation was proposed. A complexity analy-

sis of these algorithms showed that the approach of using ontological similarity for

content-based tag-aware personalized recommendation is practically tractable. Fur-

thermore, extensive experimental studies based on a public real-world dataset showed

that (i) the proposed ontology-based solution greatly outperformed (more than dou-

ble performance) the state-of-the art baselines in tag disambiguation; (ii) the proposed

top-down traversal tag allocation strategy was much more efficient than the existing

tag allocation strategy which uses the Wu and Palmer similarity, while maintaining a

similar tag allocation accuracy; (iii) the proposed ontological-similarity-based recom-

mender systems were more effective than the state-of-the-art cosine-similarity-based

and scalar-similarity-based recommender systems in content-based tag-aware person-

alized recommendations in terms of all evaluation metrics; OntSim is a reasonable
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disambiguation alternative for light-weight recommender systems without powerful

computing capability; and (iv) although HDLPR-NS generally achieves higher accu-

racy in tag-aware recommendation, it also has much higher computational cost; there-

fore, ontological similarity is a reasonable disambiguation alternative for light-weight

recommender systems without powerful computing capability.

Finally, in Chapter 7, we compare the proposed recommendation models to ana-

lyze their pros and cons and also give some advice on their potential extensions and

applications.

8.2 Future Work

In the future, we will further improve the proposed deep models, DSPR and HDLPR-

NS, with more sophisticated neural networks to adapt to different online application

scenarios. For example, in some real-world contexts, users’ preferences evolve with

time (e.g., one may prefer swimming in summer, but skiing in winter); as long short-

term memory (LSTM) [67] networks are a kind of recurrent neural networks that are

designed to better process sequential data, when the proposed DSPR or HDLPR-NS are

applied to such circumstances, it will be beneficial to use LSTM networks to capture

the changes of users’ preferences over time.

Another future extension is to integrate the recommendation-oriented deep model,

HDLPR-NS, with collaborative filtering. One possible way is to combine HDLPR-

NS with matrix factorization to achieve hybrid deep matrix factorization (HDMF).

By using the social tagging information as additional source of information, HDMF is

expected to better model the decomposed user and item matrices in matrix factorization

and remedy the cold start problem in the traditional matrix factorization solutions.
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Figure 8.1: Overview of HDMF

Figure 8.1 is the expected structure of HDMF. Similar to HDLPR-NS, HDMF takes

user and item profiles as inputs to model abstract feature representations of users and

items (X̃ and X̃) in the code layers, which are used as the decomposed user and item

matrices in matrix factorization. the model is thus trained to minimize the squared

difference between the user-item rating matrix R and the predicted rating matrix R̂ =

X̃T · Ỹ .

Besides recommender systems, HDLPR-NS can also be applied to many poten-

tial applications in other areas. For example, it can be used to extract effective latent

features from magnetic resonance imaging (MRI) pictures or x-ray images to help di-

agnose potential diseases. One possible way is to first replace each neural layer in
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HDLPR-NS to a convolution layer and a pooling layer to extend HDLPR-NS to a con-

volutional hybrid deep model. Then, we represent the profile of a patient as a set of

his/her historical MRI pictures, and represent the profile of a disease as a set of MRI

pictures belonging to patients suffering from this disease. These profiles are used as

inputs of the convolutional hybrid deep model to learn abstract feature representations

of patients and disease at the code layer. Finally, by training the deep model with an

objective to minimize (resp., maximize) the differences between the representations of

patients and their real diseases (resp., other irrelevant diseases), the abstract features

learnt by this model are expected to be effective in distinguishing different diseases,

which is very helpful for diagnosis.

As for location-aware news recommendation, an interesting future work is to inte-

grate the geographical-topic-based solutions, e.g., LP-DSA, with the physical-distance-

based solutions to better recommend some location-sensitive items, e.g., activities,

restaurants or tours. The intuition is that although the physical distance usually has

high impact on the location-sensitive objects, the geographical topics of the candidate

object sometimes will also influence the choices of users. For example, a good tour

recommender system should be able to dynamically balance the distance and topic rel-

evance of attractions. In addition, besides location information, it is also beneficial

to consider more contextual information, such as timeliness of news and the social

relationships of users, to achieve even better personalized recommendations.

A topic for future researches in ontology-based personalized recommendation is to

conduct further experimental studies involving additional social annotation datasets,

different ontologies, and other concept similarity metrics to investigate the perfor-

mance change of the proposed ontological similarity under different circumstances.

In addition, another topic for future research is to further consider the tag relatedness
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measures (e.g., co-occurrence tags and distributional measures in [110]) as alternative

solutions to address the ambiguity and redundancy problems for the tags that can not

be mapped to ontologies.
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[29] Léon Bottou. Stochastic learning. In Advanced lectures on machine learning,
pages 146–168. 2004.

[30] Mohamed Reda Bouadjenek, Hakim Hacid, and Mokrane Bouzeghoub. Sopra: a
new social personalized ranking function for improving web search. In Proceed-
ings of the International ACM SIGIR Conference on Research and Development
in Information Retrieval (SIGIR), pages 861–864, 2013.

[31] Mohamed Reda Bouadjenek, Hakim Hacid, and Mokrane Bouzeghoub. Social
networks and information retrieval, how are they converging? a survey, a taxon-
omy and an analysis of social information retrieval approaches and platforms.
Information Systems, 56:1–18, 2016.

[32] Mohamed Reda Bouadjenek, Hakim Hacid, Mokrane Bouzeghoub, and Athena
Vakali. Using social annotations to enhance document representation for person-
alized search. In Proceedings of the international ACM SIGIR Conference on
Research and Development in Information Retrieval (SIGIR), pages 1049–1052,
2013.

[33] Iván Cantador, Alejandro Bellogı́n, and David Vallet. Content-based recoemm-
ndation in social tagging systems. In Proceedings of the ACM Conference on
Recommender Systems (RecSys), pages 237–240, 2010.



161

[34] Ivan Cantador, Peter Brusilovsky, and Tsvi Kuflik. Second workshop on in-
formation heterogeneity and fusion in recommender systems (HetRec2011). In
Proceedings of the ACM Conference on Recommender Systems (RecSys), pages
387–388, 2011.

[35] Andrea Capocci and Guido Caldarelli. Folksonomies and clustering in the col-
laborative system citeulike. Journal of Physics A: Mathematical and Theoreti-
cal, 41(22):224016, 2008.

[36] Walter Carrer-Neto, Marı́a Luisa Hernández-Alcaraz, Rafael Valencia-Garcı́a,
and Francisco Garcı́a-Sánchez. Social knowledge-based recommender sys-
tem. application to the movies domain. Expert Systems with applications,
39(12):10990–11000, 2012.

[37] Jose Jesus Castro-Schez, Raul Miguel, David Vallejo, and Lorenzo Manuel
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