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Abstract 

This thesis extends traditional user-based collaborative filtering, item-based collaborative 

filtering and influence-based recommendation algorithms by incorporating social impact the-

ory and linear threshold model as well as related data mining/machine learning techniques. 

Depending on the prediction subjects, user influence-centric recommendation algorithm and 

item influence-centric recommendation algorithm are proposed respectively. In each method, 

users’ preferences are predicted based on the direct influences of the neighborhood of users or 

items and the indirect influences by mining the latent attributes of neighborhood.  

  To be specific, firstly, the proposed methods use an unbalanced strategy to select several 

nearest neighbors for each user or item. Secondly, the methods measure each users’ or items’ 

influence coefficients on the other users or items, then distinguish the influences of users or 

items into two categories: persuasive influences and supportive influences. Next, the methods 

calculate the total influences and take into account its effect in the preference prediction pro-

cess. Third, the methods also cope with the indirect influences exerted by the structure of us-

ers’ or items’ neighborhoods. Based on these processes, the methods are applicable to mining 

and discovering meaningful and useful latent attributes of users’ or items’ neighborhoods. 

Thus, combined with suitable data mining and/or machine learning techniques, the methods 

are able to learn users’ or items’ preferences.  

  Using the proposed methods, the thesis conducts experiments on two benchmark datasets: 

MovieLens and Netflix. The experimental results have showed that (1) the unbalanced 

neighbor selection method improves both the performance of traditional user-based and 

item-based collaborative filtering methods in terms of Root Mean Squared Error (RMSE) and 

accuracy, and that (2) the methods have an advantage such that it just needs fewer nearest 

neighbors to obtain best performance. This study has also investigated the performance of the 

direct influence model under the condition that the closeness threshold is satisfied. As a result, 

we found that there is a tradeoff between the performance and the coverage of satisfied cases. 

With respect to the indirect influence model, the results also have indicated that the tradeoff 

between the performance and the coverage requires some parameter tuning tasks. That is, the 
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indirect influence model is able to give much better performance when the Group Size Dif-

ference (GSD) threshold is satisfied, but the coverage of satisfied cases decreases with the 

performance improvements. Finally, this study presents the performance of the combination 

of the direct influence model and the indirect influence model. Compared with other conven-

tional collaborative filtering algorithms, the proposed methods give better performance in 

terms of RMSE and accuracy. 

  In summary, the thesis puts forward a novel and integrated influence-centric framework, 

which not only predicts users’ preference based on neighbors’ direct influence but also takes 

into account indirect influence of neighborhood. Furthermore, the proposed influence-centric 

recommendation algorithms show better performance than conventional collaborative filter-

ing algorithms. Benefiting the advantage of collaborative filtering, the proposed influ-

ence-centric recommendation algorithms can be applied in many areas and also can be inte-

grated with other recommendation algorithms. 
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1 Introduction 

1.1 Research Background 

With the development of Internet and E-commerce, recommendation systems are adopted by 

more and more companies such as Amazon, Netflix, Yahoo music, and so on. At the same 

time, more and more consumers also consider recommendation systems as useful tools in 

their online activities such as buying something or gathering some information. As personal-

ized information filtering systems, recommendation systems are designed to provide con-

sumers with preferable items from a large volume of products or information such as books, 

movies, music, travel packages, news, and so on [1]. The aims of a recommendation system 

are to predict consumers’ preferences based on implicit feedback, such as consumers’ clicking 

or purchasing histories or spent time on items, or explicit feedback, such as the ratings or 

like/dislike given by consumers, or both of two and then to recommend and present the most 

favorite items which are likely to be interested by consumers [2].  

From consumers’ point of view, recommendation systems can help them find information 

or preferable products more quickly and accurately than a system without recommender. On 

the other hand, from businesses’ point of view, they can benefit from recommendation sys-

tems in terms of revenue, attracting consumers, and so on [3]. More specifically, providers 

can increase their revenues by providing personalized recommendations of products or ser-

vices. For example, Amazon has reported that over 20% of their sales resulted from person-

alized recommendations in 2002 [4]. Overall, recommendation systems have been widely 

applied in various domains to deal with various forms of recommendation uncertainty. In 

summary, recommendation systems are important in many applications, and have drawn in-

creasing attention from different research communities such as information retrieval, elec-

tronic commerce and machine learning, as indicated by the recent emergence of series of the 

ACM Conference on Recommendation systems (RecSys) since 2007 and the highly publi-

cized Netflix competition [5].  

In the area of recommendation systems, recommendation algorithms are important re-

search topics in academia. Generally speaking, recommendation systems are usually classi-
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fied into the following categories, based on how recommendations are made [2]:  

 Content-based recommendations: the items which are similar to the ones the user 

preferred in the past will be recommended[6], [7], [8];  

 Collaborative filtering recommendations: the items which are preferred by the other 

users with similar preferences in the past will be recommended [9], [10], [11];  

 Hybrid approaches: these methods combine collaborative and content-based methods 

[12], [13], [14]. 

On the basis of these traditional recommendation algorithms, many extensions have been 

proposed by incorporating theories or methodologies from other areas. Among these, influ-

ence-based recommendation has attracted researchers’ attention recent years. Most of such 

research focuses on users’ influence on neighborhood. For instance, researchers assume that 

an influential user will easily exert influence or impact on the other users and propose various 

methods to find influential users [15], [16], [17]. However, the influence of items is rarely 

mentioned in such area. But the fact is that items also can have influences on others and dif-

fers in different influence level [18]. In [18], the author defined item rating frequency as its 

level of influence and took paper citation as an example: A paper may be influential if it is 

cited often and perhaps cited by many other influential papers. [19] proposed an item influ-

ence-based recommendation algorithms, which not only considered about the influence of 

items’ neighbors, but also took the effect of total influence in the process of preference pre-

diction. Furthermore, most related research only focuses on the neighbors’ direct influence on 

a target user, ignoring the impact exerted by the structure of neighborhood [20]. For instance, 

a target user’s neighbors may form two groups based on their preference for target item. The 

one group contains users who like the target item or give high rating, and the other group 

contains those who dislike the target item or give low rating. The effect of the size of each 

group is also underestimated by traditional user-based collaborative filtering method. These 

factors, which are not considered in traditional user-based or item-based collaborative filter-

ing method, may actually play important roles in the prediction of target user’s preference. 

Thus, this thesis proposes an influence-centric recommendation framework, which in-

cludes user influence-centric recommendation algorithm and item influence-centric recom-
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mendation algorithm. In each method, users’ preference can be predicted based on direct in-

fluence of user or item’s neighborhood and indirect influence of the structure of correspond-

ing neighborhood. 

 

1.2 Influence in Recommendation systems 

Recommendation systems find associations among users or items from users’ evaluations of 

items and use this to predict users’ preference [18]. For instance, in user-based collaborative 

filtering, recommendations for a user are computed based on how his/her like-minded users 

have expressed opinions on the target items. Therefore, implicit relationships among users are 

formed through the way they help each other find an appropriate product. In turn, these im-

plicit relationships can be considered to have induced social networks in recommendation 

systems. Moreover, there might be a set of users in such social network who help a large 

number of other users receive recommendations.  

In this thesis, the influence between users or items is classified into direct influence and 

indirect influence. Direct influence measures the degree that a user or item is affected by 

neighbors. Indirect influence measures how a user or item is affected by the structure of 

neighborhood.  

Most traditional influence-based recommendation systems consider direct influence of a 

user or item on another user or item. Among these, Radish [18] list several influence meas-

urement methods, such as the similarity between two users can be utilized to indicate the 

strength of relationships, the authority score of a user as his/her influence score, and centrali-

ty-based measures, which are commonly used in sociology literature to compute a node’s 

importance or influence, are also used in recommendation systems. In this case, users or 

items are considered as nodes in a social network. 

On the other hand, user-based or item-based collaborative filtering takes the integrated 

preference of neighbors of a target user or item to predict the user’s preference, ignoring the 

structure of neighbors. Let’s take user-based collaborative filtering for example, these neigh-

bors may have opposite preferences: some neighbors may like the target item (or give high 
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ratings); Meanwhile, some neighbors may dislike the target item (or give low ratings). Thus, 

the neighbors form two groups based on their preference. The one group contains users who 

like the target item or give high ratings. On the other hand, the other group contains users 

who dislike the target item or give low ratings. Furthermore, the effect of the size of each 

group is also underestimated by traditional user-based CF method. For instance, if the num-

ber of one group is greater than that of the other group, the target user may tend to take the 

integrated preference of the group that contains majority users. These factors, which are not 

considered in tradition user-based CF method, may actually play important roles in the pre-

diction of target user’s preference. In the case of item-based collaborative filtering, things are 

the same as user-based CF. 

Based on this fact, this thesis considers that the structure of a user or item’s neighborhood 

may also exert influence on the target user or item. We define this kind of influence as indi-

rect influence. The aim of study on indirect influence is to discover the latent attributes of 

user or item’s neighborhood, and the correlations of these attributes with users’ preference. 

 

1.3 Questions Studied in the Thesis 

In traditional user-based and item-based collaborative filtering recommendation systems, 

there are three major issues [10]:  

 Neighbors’ selection: measuring users’ closeness (similarity) and find a user’s several 

most similar neighbors, or measure items’ closeness and find an item’s several most 

similar neighbors.  

 Weight measurement: measuring the weight between a user or an item and the 

neighbors. The weight means the importance of a neighbor’s preference about the 

prediction of the target user or item. The weight could be similarity or influence. 

 Preference prediction: predicting a target user’s preference based on the neighbors’ 

preference for the target item (user-based CF), or based on the user’s preference for 

the target item’s neighbors (item-based CF). 

This thesis makes extensions to traditional user-based and item-based CF methods by in-
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corporating social impact theory [60] and linear threshold model [68]. The framework of this 

research is as figure 1 shows. On the basis of the major issues above, this thesis studies the 

following questions: 

 Unbalanced strategy for neighbors’ selection 

In traditional user-based or item-based CF algorithms, there are several methods to meas-

ure the closeness of two users or items, such as Pearson correlation, cosine-based similarity, 

and probability-based similarity, which are often used and discussed. Generally, the closeness 

between users or items is balanced or undirected, which means that arbitrary two different 

users or items have the same closeness between them. However, in some cases, two users 

may have different feelings or perceptions for each other. For example, from Jim’s point of 

view, he and Joe are good friends, but from Joe’s point of view, the relationship between 

them is just normal. 

This thesis use such an assumption in neighbors’ selection: from a user u’s point of view, 

u and v’s closeness is not definitely the same as v’s closeness to u from v’s point of view. And, 

the closeness between a user and another user is not only related to the similarity between 

them, but also has correlated with the fraction of co-liked and co-disliked items to the total 

rated items. 

 Influence measurement 

There are many approaches to measure a user or item’s influence on the other users or 

items. For example, [18] proposed a method to estimate the influence of an item by changing 

its rating and observing the changes in the approximated ratings of other unrated item. [22] 

put forward two ways to measure a user’s influence over others. One is to exclude a user and 

measure the net changes in predictions caused by the removal. The other is a predictive mod-

el based on several quality factors that may affect users’ influence levels, such as number of 

ratings, degree of agreement with others, rarity of the rated items, and standard deviation in 

one’s rating and so on 

This thesis considers influence between two users or items as the weight between them. 

For instance, user u’s influence on another user v is defined as a function of the user’s influ-

ence coefficient on v and the closeness between them. Influence coefficient measures the 
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ability a user or an item to influence another user or item, and persuade to have the similar 

preference with the user or item. 

 Preference prediction based on direct influence 

Direct influence measures the degree that a user or item is affected by others. Traditional 

influence-based recommendation algorithms mainly focus on finding influential users or 

items. For instance, [15] proposed an approach to find most influential users by decision tree 

and analyze the behavior of these users. [26] proposed an MIN (most influential users)-based 

model to solve the new item or new user problems.  

On the basis of neighborhood-based collaborative filtering, this thesis proposes that a us-

er’s preference is related to influence-weighted preference of the neighborhood and the effect 

of total influence [19]. Specifically speaking, we distinguish influence into persuasive influ-

ence and supportive influence, not only consider the influence-weighted preference of 

neighbors, but also take into account the effect of total influence based on the social impact 

theory [23]. 

 Preference prediction based on indirect influence 

Indirect influence measures how a user’s preference is affected by the structure of the 

neighborhood [20]. Traditional neighborhood-based collaborative filtering predicts the user’s 

preference based on the integrated preference of neighborhood, ignoring the structure of these 

neighbors. For instance, these neighbors might have opposite preference and form two dis-

tinct groups: some neighbors may like the target item or give high ratings, while some 

neighbors may dislike the target item or give low ratings. That is, the method ignores the ef-

fect of the size of each group, and this may influence users’ choice. For instance, the target 

user may tend to take the opinion (integrated preference) of majority group.  

As an extension of user-based collaborative filtering, this thesis attempts to discover use-

ful and meaningful latent attributes from the structure of neighborhood, and mines corre-

sponding correlations between users’ preference and these latent attributes by several popular 

data mining techniques. 
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Figure 1 Framework of influence-centric recommendation algorithms 

 

1.4 Major Contributions 

The contributions in the thesis are the unbalanced neighbor selection, influence measurement, 

preference prediction based on direct influence and prediction based on indirect influence. In 

this section, we briefly summarize the contributions in each dimension. 

 Unbalanced strategy for neighbor selection 

Unbalanced strategy for neighbor selection considers about users or items intrinsic fea-

tures and considers the relationships between them are unbalanced. From experiments, we 

observe that unbalanced neighbor selection method not only improves performance of tradi-

tional user-based CF and item-based CF in terms of RMSE and accuracy, but also has an ad-

vantage that it just needs fewer nearest neighbors to obtain best performance. 

 Influence measurement 

This thesis considers influence between two users or items as the weight between them. A 

user u’s influence on another user v is defined as a function of the user’s influence coefficient 

on v and the closeness between them. This measurement not only focuses on the closeness 

between users or items, but also takes into account the influence coefficient, which measures 

the ability a user or an item to influence another user or item, and persuades to have the simi-

lar preference with the user or item.  
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 Preference prediction based on direct influence 

Direct influence measures the degree that others affect a user or item. This thesis defines 

that the preference based on direct influence as the combination of the influence-weighted 

preference of the neighborhood and the effect of total influence. Specifically speaking, we 

distinguish influence into persuasive influence and supportive influence, not only consider 

the influence-weighted preference of neighbors, but also take into account the effect of total 

influence based on the social impact theory. 

 Preference prediction based on indirect influence 

Indirect influence measures how a user’s preference is affected by the structure of the 

neighbors of the user or target item. Traditional neighborhood-based collaborative filtering 

predicts user’s preference based on the integrated opinion of the neighborhood ignoring the 

structure of these neighbors. As an extension of user-based and item-based CF, this thesis 

attempts to discover useful and meaningful latent attributes from the structure of neighbor-

hood, and mines corresponding correlations between users’ preference and these latent attrib-

utes by several popular data mining techniques. 

 

1.5 Thesis Overview 

Chapter 2 introduces the basic algorithms of recommendation systems, including main rec-

ommendation algorithms: content-based recommendation algorithm, collaborative filtering 

algorithm and hybrid recommendation algorithm. Other influence-based recommendation 

algorithms are also presented.  

Chapter 3 introduces the theoretical foundations of the thesis: (1) similarity measurements, 

(2) social impact theory, and (3) linear threshold model. Among them, similarity measure-

ments are used to measure the similarity between different users or items, social impact the-

ory and linear threshold model are used as the basics of direct influence model. 

Chapter 4 introduces user influence-centric recommendation algorithm. This chapter 

firstly defines the basic idea of user influence-centric recommendation model, and then pre-

sents preference prediction based on neighbors direct influence and the effect of total influ-
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ence, and preference prediction based on neighborhood indirect influence, which is based on 

extraction and selection of the latent attributes of neighborhood.  

Chapter 5 introduces item influence-centric recommendation algorithm. This chapter 

firstly defines the basic idea of item influence-centric recommendation model, and then pre-

sents preference prediction based on neighbors’ direct influence and the effect of total influ-

ence, and preference prediction based on neighborhood indirect influence, which is based on 

extraction and selection of the latent attributes of neighborhood.  

Chapter 6 presents experimental evaluation and discussion of proposed algorithms. The 

experiments were conducted on MovieLens and Netflix datasets, using RMSE and Accuracy 

metrics. We firstly study the unbalanced strategy for neighbor selection method, then investi-

gate direct influence model and indirect influence model respectively, and finally evaluate the 

total performance of the combination of direct influence model and indirect influence model. 

Chapter 7 summarizes the main contributions and contents of this thesis: unbalanced 

neighbor selection method, preference prediction based on direct influence model and indi-

rect influence model. In addition, several future works and interesting directions are also pre-

sented. 

  



 

 

13   

2 Recommendation systems basics 

2.1 Introduction 

Recommendation systems employ prediction algorithms to provide users with items that 

match their interests, thus help them sift through available books, articles, web pages, movies, 

music, restaurants, jokes, grocery products, and so forth to find the most interesting and val-

uable information for them. There are many applications of recommendation systems [5] [24], 

such as: 

 Products recommendations: this kind of recommendations, such as Amazon, Taobao, 

and Netflix, is very popular and important to users. On-line shops provide personal-

ized recommendations with products based on user purchase history or ratings of 

items, as well as products attributes.  

 Search engine personalization: search engines rank items (e.g., documents, and im-

ages) from evolving collections, and recommend a ranked list of relevant items, in 

response to a query for different users. Query relevance and user interests are the 

sources of uncertainty for search engines.  

 Contextual advertising: contextual advertising recommends advertisements based on 

their relevance to user contexts. Online advertising has become the cornerstone of 

many sustainable Internet business models, including search engines (e.g., Google), 

content providers (e.g., Yahoo!), and social networks (e.g., Facebook).  

 News Articles: News services have attempted to recommend articles of interest to 

users based on the articles that they have read in the past. With the development of 

mobile network and mobile applications, consumers become used to read news arti-

cles through their own mobile devices, thus personalized news article recommenda-

tions become necessary to them. 

 Personalized tourism recommendation systems: personalized tourism recommenda-

tion systems process available tourism information related to tourism sites for a city, 

and make personalized site and activity recommendations according to locations and 

uncertainty over user preferences. Currently, social networks and trust information 
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are also being integrated to provide high fidelity recommendations. 

 

2.2 Recommendation Algorithms 

Recommendation systems are usually classified into the following categories, based on how 

recommendations are made [1]: 

 Content-based recommendations: the items which are similar to the ones the user 

preferred in the past will be recommended[6], [7], [8];  

 Collaborative filtering recommendations: the items which are preferred by the other 

users with similar preferences in the past will be recommended [9], [10], [11];  

 Hybrid approaches: these methods combine collaborative and content-based methods 

[12], [13], [14]. 

 

2.2.1 Content-based algorithms 

The content-based recommendation algorithm has its roots in information retrieval and in-

formation filtering research [25], [26]. Generally speaking, systems implementing a con-

tent-based recommendation approach analyze a set of items and/or descriptions of items pre-

viously rated by a user, and build a model or profile of user interests based on the features of 

the items rated by that user [6]. And the profile is a structured representation of user interests, 

adopted to recommend new interesting items. The recommendation process basically consists 

in matching up the attributes of the user profile against the attributes of item content. The 

result is a relevance judgment that represents the user’s level of interest in that item. 

Because of the significant and early advancements made by the information retrieval and 

filtering communities and because of the importance of several text-based applications, many 

current content-based systems focus on recommending items containing textual information, 

such as documents, Web sites (URLs), and Usenet news messages. The improvement over the 

traditional information retrieval approaches comes from the use of user profiles that contain 

information about users’ tastes, preferences, and needs. The profiling information can be elic-

ited from users explicitly, e.g., through questionnaires, or implicitly – learned from their 
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transactional behavior over time [1]. 

  Generally, items that can be recommended to the user are often stored in a database table 

and include a number of features. An example of item (book) representation is as Table 1 

shows. 

Table 1 An example of item representation 

itemID Title Author Price Publish time 

00001 All the Light We Cannot See Anthony Doerr $16.2 2014 

00002 The Invention of Wings Sue Monk Kidd $17 2014 

00003 The Book of Unknown Americans Cristina Henriquez $15 2014 

The features that Table 1 shows are structured data in which there is a small number of fea-

tures. In actual usage, items, such as web pages, documents, have more information than that 

is shown in Table 1 and the information is unstructured data [27]. For instance, a news article 

is example of such item. There are no attribute names with well-defined values. The common 

method to deal with such items is to create a structured representation of original item [28] by 

related techniques such as Natural Language Processing [29], [30].  

  On the other hand, user’s profile can be constructed and updated by the feedback and re-

lated item descriptions [6], i.e., user’s profiles are also represented by those features in item 

representation. Table 2 shows an example of user profile. The number 1 indicates a user likes 

a feature and 0 indicates a user dislike a feature in the table. User feedbacks can be distin-

guished into two kinds of categories: positive feedback, i.e., inferring features liked by the 

user, and negative feedback, i.e., inferring features disliked by the user [31].  

 

Table 2 An example of user profile 

userID Feature 1 Feature 2 Feature 3 Feature 4 Feature 5 

00001 1 1 0 0 0 

00002 0 1 1 1 0 

00003 1 1 1 1 0 



 

 

16   

  Usually, given an item representation, the aim of content recommendation is to predict 

whether it is likely to be of interested by a target user, by comparing features in the item rep-

resentation to those in the representation of user preferences. Since tastes of users usually 

change over time, up-to-date information must be maintained and provided in order to auto-

matically update the user profile. Further feedback is gathered on generated recommendations 

by letting users state their satisfaction or dissatisfaction with items. After gathering that feed-

back, the learning process is performed again on the new training set, and the resulting profile 

is adapted to the updated user interests. The iteration of the feedback-learning cycle over time 

allows the system to take into account the dynamic nature of user preference [6]. 

In addition to the traditional information retrieval-based approaches, other techniques for 

content-based recommendation have also been used, such as Bayesian classifiers [32] and 

various machine learning techniques, including clustering, decision trees, and artificial neural 

networks [33]. These techniques differ from information retrieval-based approaches in that 

they calculate utility predictions based on a model learned from the underlying data using 

statistical learning and machine learning techniques. 

Although content-based recommendation algorithms can be implemented in many 

text-based recommendation systems, there are several limitations that are described [2], [34]. 

 Limited content analysis. The features that are explicitly associated with items are 

limited. Therefore, in order to have a sufficient set of features, the content must either 

be in a form that can be parsed automatically by a computer (e.g., text), or the fea-

tures should be assigned to items manually. While information retrieval techniques 

work well in extracting features from text documents, some other domains have an 

inherent problem with automatic feature extraction. For example, automatic feature 

extraction methods are much harder to apply to the multimedia data, e.g., graphical 

images, audio and video streams. Moreover, it is not often practical to assign attrib-

utes by hand due to limitations of resources. 

 Over-specialization. When the system can only recommend items that score highly 

against a user’s profile, the user is limited to being recommended items similar to 

those already rated. For example, a person with no experience with Greek cuisine 
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would never receive a recommendation for even the greatest Greek restaurant in town. 

This problem, which has also been studied in other domains, is often addressed by 

introducing some randomness. For example, the use of genetic algorithms has been 

proposed as a possible solution in the context of information filtering. 

 New user problem. The user has to rate a sufficient number of items before a con-

tent-based recommendation system can really understand user’s preferences and pre-

sent the user with reliable recommendations. Therefore, a new user, having very few 

ratings, would not be able to get accurate recommendations. 

 

2.2.2 Collaborative filtering algorithms 

Unlike content-based recommendation methods, collaborative recommendation systems (or 

collaborative filtering systems) try to predict the utility of items for a particular user based on 

the items previously rated by other users. Collaborative filtering works on user-item ratings 

matrix as Table 3 shows. Collaborative recommendations can be grouped into two general 

classes: memory-based and model-based [2]. 

Table 3 User-item ratings matrix 

 Item 1 Item 2 Item 3 Item 4 Item 5 

User 1 5 - 1 - 4 

User 2 2 4 2 - 5 

User 3 - 1 2 5 3 

Memory-based CF algorithms use the entire user-item ratings matrix to generate a predic-

tion without knowing items’ contents [2], [10], [35], [36], [37]. Based on the way that predic-

tion is done, there are two methods: 

 User-based CF algorithm: predicting a target user’s preference for a target item using 

the ratings for this item by the nearest neighbors of the target user [38], [39], [40]. 

 Item-based CF algorithm: predicting a target user’s preference for a target item based 

on the ratings of the target user for items similar to target item [4], [10], [41]. 



 

 

18   

The main process of user-based CF and item-based CF is as follows: 

 Neighbors’ selection: measuring users’ closeness (similarity) and find a user’s several 

most similar neighbors, or measure items’ closeness and find an item’s several most 

similar neighbors.  

 Weight measurement: measuring the weight between a user or an item and the 

neighbors. The weight means the importance of a neighbor’s preference on the pre-

diction of the target user or item. The weight could be similarity or influence. 

 Preference prediction: predict a user’s preference based on the neighbors’ preference 

for the target item (user-based CF), or based on the user’s preference for the target 

item’s neighbors (item-based CF). 

In contrast to memory-based methods, which use the stored ratings directly in the predic-

tion, model-based algorithms use the collection of ratings to learn a model, which is then 

used to make rating predictions. The general idea is to model the user-item interactions with 

factors representing characteristics of the users and items, such as the preference class of us-

ers and the category class of items. This model is then trained using the available data, and 

later used to predict users for new items. Model-based approaches for the task of recom-

mending items are numerous and include Bayesian Clustering [42], Latent Semantic Analysis 

[43], Support Vector Machines [44], and Singular Value Decomposition [45], [46], [47].  

The pure collaborative recommendation systems do not have some of the shortcomings 

that content-based systems have. In particular, since collaborative systems use other users’ 

recommendations (ratings), they can deal with any kind of content and recommend any items, 

even the ones that are dissimilar to those seen in the past. However, collaborative systems 

have their own limitations [2], [48]. 

 New user problem. It is the same problem as for content-based systems. In order to 

make accurate recommendations, the system must first learn the user’s preferences 

from the ratings that the user makes. 

 New item problem. New items are added regularly to recommendation systems. 

Collaborative systems rely solely on users’ preferences to make recommendations. 

Therefore, until the new item is rated by a substantial number of users, the recom-
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mendation system would not be able to recommend it. This problem can also be ad-

dressed using hybrid recommendation approaches, described in the next section. 

 Sparsity. In any recommendation system, the number of ratings already obtained is 

usually very small compared to that of ratings that need to be predicted. Effective 

prediction of ratings from a small number of examples is important. Also, the success 

of the collaborative recommendation system depends on the availability of a critical 

mass of users. 

 

2.2.3 Hybrid algorithms 

Hybrid recommendation systems combine two or more recommendation techniques to gain 

better performance by combining collaborative and content-based methods, which helps to 

avoid certain limitations of content-based and collaborative systems [2], [49], [50], [51]. Dif-

ferent ways to combine collaborative and content-based methods into a hybrid recommenda-

tion system can be classified as follows:  

 Weighted: A weighted hybrid recommender is such that the score of a recommended 

item is computed from the results of all of the available recommendation techniques 

present in the system. The benefit of a weighted hybrid is that all of the system’s ca-

pabilities are brought to bear on the recommendation process in a straightforward 

way and it is easy to perform post-hoc credit assignment and adjust the hybrid ac-

cordingly.  

 Switching: A switching hybrid builds in item-level sensitivity to the hybridization 

strategy: the system uses some criterion to switch between recommendation tech-

niques. Switching hybrids introduce additional complexity into the recommendation 

process since the switching criteria must be determined, and this introduces another 

level of parameterization. However, the benefit is that the system can be sensitive to 

the strengths and weaknesses of its constituent recommenders. 

 Mixed: Where it is practical to make large number of recommendations simultane-

ously, it may be possible to use a “mixed” hybrid, where recommendations from 
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more than one technique are presented together. The mixed hybrid avoids the “new 

item” start-up problem: the content-based component can be relied on to recommend 

new shows on the basis of their descriptions even if they have not been rated by any-

one.  

 Feature Combination: Another way to achieve the content/collaborative merger is 

to treat collaborative information as simply additional feature data associated with 

each example and use content-based techniques over this augmented data set. The 

feature combination hybrid lets the system consider collaborative data without rely-

ing on it exclusively, so it reduces the sensitivity of the system to the number of users 

who have rated an item. Conversely, it lets the system have information about the in-

herent similarity of items that are otherwise opaque to a collaborative system. 

 Cascade: one recommendation technique is employed firstly to produce a coarse 

ranking of candidates and a second technique refines the recommendation from 

among the candidate set. Cascading allows the system to avoid employing the second, 

lower-priority, technique on items that are already well-differentiated by the first or 

that are sufficiently poorly-rated that they will never be recommended. 

 

2.3 Influence-based recommendation algorithms 

Most recommendation systems based on collaborative filtering assume that users are inde-

pendent, which ignores the role of social influence in people’s buying decisions. Furthermore, 

social networks and social influence, on the other side, can provide us with extra information 

on users’ preferences, but have received less attention [52]. Recently, the emergence of 

Online Social Networks (OSN) provides us with an opportunity to reconsider the structure 

and effects of social networks so as to improve recommendation results [53], [54]. 

Recently, influence-based recommendation approach is one important branch of recom-

mendation algorithms. The basic idea in these methods is considering that a user or item has 

influence on another user or item, and predicting target user’s preference based on the influ-

ence. The influence can be explicit influence, such as social influence among Facebook, 
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Twitter users, or implicit influence, such as influence from users who have similar tastes or 

item which have similar acceptance [19], [55], [56], [57]. 

[52] proposed influence-based recommendation models on the basis of social contagion 

and social influence network theory. In the first model for individuals, they improved the re-

sult of collaborative filtering prediction with social contagion outcome. In the recommenda-

tion model for groups, they applied social influence network theory to take interpersonal in-

fluence into account to form a settled pattern of disagreement, and then aggregate opinions of 

group members. [17] put forward a method to select informative items that are not only un-

certain but also influential by estimating the influence of an item by changing its rating and 

observing the changes in the approximated ratings of other unrated items. [18] presented two 

ways to measure a user’s influence over others. One way is to exclude a user and measure the 

net changes in predictions caused by the removal. The other way is a predictive model based 

on several quality factors that may affect users’ influence levels, such as number of ratings, 

degree of agreement with others, rarity of the rated items, and so on. [16] defined the influ-

ence rating of a user on the community as the degree to which its item ratings match that of 

an average user’s item ratings and then determined the most influential users who have the 

maximum influence on the evaluation of other user’s recommendations. 

To summary, traditional influence-based recommendation algorithms mainly focus on the 

direct influence of a user or item on another user or item. The aim is to discover the most in-

fluential users or items, and solve the specific problems of collaborative filtering such as new 

user, new item, and cold-start. 

 

2.3 Summary 

In summary, this chapter introduces several basics of recommendation systems. Firstly, the 

main definition and applications of recommendation systems are presented. Secondly, Section 

2.2 introduces popular recommendation algorithms: content-based algorithms, collaborative 

filtering algorithms and hybrid algorithms. The main advantages and limitations are also de-

scripted. Section 2.3 presents related research in influence-based recommendation algorithms. 
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The literature review allows us to formally understand research problems in recommen-

dation systems, especially in influence-based recommendation systems. It provides us with 

insights and motivations in addressing these problems and develops new methods. 
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3 Theoretical Foundations 

3.1 Introduction  

In this chapter, we introduce the following three theories and foundations, which play im-

portant roles in this thesis: 

 Similarity measurement methods 

 Social impact theory 

 Linear threshold model 

Of the three, similarity measures the closeness between two users or items in terms of 

preference or acceptance. Social impact theory defines the magnitude of impact (influence) is 

related to the strength, immediacy and number of other people in the social environment. Be-

sides, by the theory, social influence can be distinguished into persuasive influence and sup-

portive influence. Linear threshold model defines a threshold/condition as whether a user be-

comes active because of the neighbors’ influence.  

With respect to the application of these theories in this thesis, similarity measurement is 

used to in neighbor selection phase. Social impact theory is used in direct influence model, 

where we distinguish influence into persuasive influence and supportive influence, and take 

into account the effect of total influence based on the theory. Linear threshold model is also 

used in direct influence model, where we use it to restrict the number (coverage) of cases 

predicted by direct influence model.  

 

3.2 Similarity measurements 

Various approaches have been used to compute the similarity between users or items in col-

laborative recommendation systems. In most of these approaches, the similarity between two 

users or items is based on their user-item ratings matrix  1 ;1uiR r u m i n     . Here, we pre-

sent three popular methods: cosine-based similarity, correlation-based similarity and adjust-

ed-cosine similarity as follows [58], [59]: 

 Cosine-based similarity 
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In this case, two users, u and v, are treated as two vectors in n-dimensional space of us-

er-item ratings matrix as Table 3 shows, where m is the number of users, n is the number of 

items. The similarity between them is measured by computing the cosine of the angle be-

tween these two vectors. 

   

s
uv

= cos(u,v) =
u ×v

u ´ v
                        (1) 

where “ ” denotes the dot-product of the two vectors, u  and v  are the m dimensional vec-

tors corresponding to the uth and vth column of matrix R. Similarly, the similarity between 

two arbitrary items i and j is measured as follows: 
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where i  and j  are the n dimensional vectors corresponding to the ith and jth column of 

matrix R. 

 Correlation-based similarity 

In this case, similarity between two users is measured by computing the Pearson correla-

tion. Pearson correlation computes the statistical correlation between two user’s common 

ratings to determine their similarity.  
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where ur  are the average rating of the co-rated items of the uth user. Similarly, the similarity 

between two arbitrary items i and j is as follows: 
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where ir  denotes the average rating of the ith item by users. 

 Adjusted-cosine similarity 
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Cosine similarity computing using basic cosine measure has one important drawback: the 

differences in rating scale between different items or users are not taken into account. The 

adjusted cosine similarity offsets this drawback by subtracting the corresponding item or user 

average from each co-rated pair. Thus, the adjusted-cosine similarity between user u and v is 

given by 

2 2
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where ir  denotes the average rating of the ith item by users. Similarly, the similarity between 

two arbitrary items i and j is as follows: 
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where ur  are the average rating of the co-rated items of the uth user. 

3.3 Social impact theory 

In social life, people affect each other in many different ways such as that we are drawn by 

the attractiveness of others and aroused by their mere presence, stimulated by their activity 

and embarrassed by their attention. Social impact theory is a theory that uses mathematical 

equations to predict the level of such social impact created by specific social situations and 

was defined as any influence on individual user’s feelings, thoughts, or behavior that is ex-

erted by the real, implied, or imagined presence or actions of others in [60] and [61]. The 

theory of social impact is a metatheory that attempts to characterize how the many ways in 

which individuals affect each other are subject to the constraints of time and space, and spe-

cifically, how impact is moderated by the strength, immediacy, and number of other people in 

the social environment [65]. 

Social impact theory concerns the magnitude of impact that one or more people or groups 

(sources) have on an individual, and thus is a static theory of how social processes operate at 

the level of the individual at a given point in time. One part of the theory deals with how 
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much impact is experienced by an individual as a function of the strength, immediacy, and 

number of sources of impact. According to the theory, impact is a multiplicative function of 

three classes of factors: f = f(SIN). That is, social impact theory is affected by strength (S), 

immediacy (I) and the number of sources (N). This rule postulates that the greater the number 

of sources of social impact in a social situation, the greater the impact could be. Within this 

equation, the strength (S) is a measure of how much influence, power, or intensity the target 

perceives the source to possess. The amount of influence, power, or intensity is often deter-

mined through factors such as age, social class, whether or not a previous relationship had 

existed, or anticipation of a future relationship existing. Immediacy (I) takes into account 

how recent the event occurred and whether or not there were other intervening factors. The 

number of people (N) is the number of sources exerting social influence on the target. The I = 

f(SIN) equation illustrates that there is more social impact when higher status individuals are 

the source, when the action is more immediate, and when there are a greater number of 

sources. 

In the extension of social impact theory [62], they distinguished impact into persuasive 

impact and supportive impact. Persuasive impact tries to convince someone to change opin-

ion, and supportive impact tries to keep opinion. And the total persuasive impact was defined 

as follows: 
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where pN  denotes the number of sources who have opposite opinion with individual u, ip  

is the persuasiveness of source i, and id  is the distance between source i and u. The interpre-

tation of this formula is that the persuasive impact of a group is the average force (persuasive-

ness divided by the square of the distance) exerted by each group member multiplied by the 

square root of the number of group members. Similarly, the total supportive impact was de-

fined as follows: 
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where sN  denotes the number of sources who have the same opinion with individual u, 
is  

is the persuasiveness of source i, and 
id  is the distance between source i and u. The interpre-

tation of this formula is that the supportive impact of a group is the average force exerted by 

each group member multiplied by the square root of the number of group members. 

Furthermore, the total impact that an individual u experiences from his/her social envi-

ronment is as follows:  
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According to [60], [62], there are two possible situations by taking combined effect of per-

suasive influence and supportive influence into account: 

 If 0uw  , this denotes that the pressure in favor of the preference state change over-

comes the pressure to keep the current opinion. That is, the individual will change 

his/her mind. 

 If 0uw  , this denotes that the pressure to keep the current preference state overcomes 

the pressure in favor of the opinion change. That is, the user will keep his/her current 

mind. 

As a simple and effective method, social impact theory has been extended by many re-

search, such as [62], [63], [64], and applied in diverse area [65], [66], [67], such as simulation 

of language change and pattern recognition.  

3.4 Linear Threshold model 

In the area of influence/innovation diffusion, linear threshold model [68] is one of the im-

portant models formalizing the behavior of influence propagation concerning the spread of 

new trends and innovations in social networks. In this model, each user is denoted as a node 

in a graph and can be in one of two states: active (i.e., supports an idea or a product) or inac-

tive as Figure 2 shows.  
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Figure 2 Active users and inactive users 

Each user u has a threshold, u , which is chosen uniformly at random from the interval [0, 

1]. This represents the weighted fraction of u’s neighbors that must become active in order for 

u to become active. The user is influenced by each neighbor v according to weight uvw , such 

that: 

   

1uv

v neighbor of u

w                                   (10) 

Then the user u will become active if the total weight of its active neighbors reaches its 

threshold, i.e. 

   

uv u

v neighbor of u

w                                  (11) 

Thus, the threshold u  intuitively represents the different latent tendency of user u to 

adopt the innovation when their neighbors do. Usually, the fact that these thresholds for us-

ers are randomly selected is intended to model the lack of knowledge of their values - we 

are in effect averaging over possible threshold values for all the nodes [69], [70]. 

Linear threshold model has been adopted in many researches, such as innovation/idea 

diffusion [69], [70]. With respect to our influence-centric recommendation framework, the 

threshold model is used to measure whether a user or item can be influenced by the corre-

sponding neighbors. 
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3.5 Summary 

In summary, this chapter reviews the theoretical foundations of this thesis including similarity 

measure, social impact theory, as well as linear threshold model. These theories play im-

portant roles in our proposed influence-centric recommendation algorithms. For instance, 

similarity measures the closeness between two users or items in terms of preference or ac-

ceptance (Section 4.3.1 and 5.3.1). 

Social impact theory is used in direct influence model, where we distinguish influence 

into persuasive influence and supportive influence, and take into account the effect of total 

influence based on the theory (Section 4.3.3 and 5.3.3). Linear threshold model is also used in 

direct influence model, where we use it to restrict the number (coverage) of cases predicted 

by direct influence model (Section 4.3.4 and 5.3.4).  
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4 User influence-centric algorithm 

4.1 Introduction 

This chapter presents user influence-centric recommendation algorithm (user-ICR). User-ICR 

predicts users preference based on direct influence exerted by the target user’s neighbors, and 

indirect influence because by mining the latent attributes of the neighborhood.  

Direct influence algorithm is based on user-based CF, i.e. a user’s preference for an item 

is approximated based on the preference of similar user who has exerted influence on the tar-

get user. The main difference between our proposed algorithm and standard user-based algo-

rithm is that each rating is weighted by the corresponding influence of neighbors on target 

user instead of their similarity. And furthermore, as an extension of influence-based algo-

rithms, we distinguish these influences into persuasive influence and supportive influence, 

and take into account the total influence of these two types of influence in the preference pre-

diction process. With respect to indirect influence model, it measures how a user’s preference 

is affected by the structure of the neighborhood. Traditional user-based collaborative filtering 

considers the integrated preference of the neighborhood as target user’s preference, ignoring 

the structure of these neighbors. This thesis attempts to discover useful and meaningful latent 

attributes from the structure of neighborhood, and mines corresponding correlations between 

users’ preference and these latent attributes by several popular data mining techniques. 

In the following sections of this chapter, we develop a user influence-centric model to 

satisfy the above description. Section 4.1 defines the basic notation used in the algorithm; 

Section 4.2 presents how to predict user’s preference based on direct influence, and Section 

4.3 shows how to predict user’s preference based on indirect influence. 

 

4.2 Problem definition 

Consider that there are m users and n items in a user-based collaborative filtering system. We 

can define the set of users U as the set of integers {1, 2… m} and the set of items I as the set of 

integers {1, 2… n}. The ratings of users for item 
uir  are stored in a m n  rating matrix
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 1 ;1 ,0ui uiR r u m i n r r        where r is the rating scale. Except for absolute ratings, we also 

use binary measurement to indicate user’s preference state or item’s acceptance state, i.e. 

1,       

1,    0

ui

ui

ui

if r
o

if r






 

  
                             (12) 

Where 0 r  , 1 indicates the user likes the item, and 0 denotes the user dislikes the imte. 

For instance, if the rating scale of a recommendation system is 5, i.e. r = 5, then we can de-

fine 4  . This indicates that a user likes an item if he/she give rating 4 or 5 to the item. If u 

has not rated item i, then we use the initial preference 0

uir  instead of the real rating 
uir in 

formula (12). Initial preference represents a user’s preference tendency based on the rating 

distribution or other recommendation algorithms. In order to compare our algorithms with 

other standard collaborative filtering algorithms, we use a simple formula to get 0

uir  as fol-

lows: 

0 (1 )ui u ir r r                             (13) 

where 0 1  , 
ur  is the average rating user u has given and 

ir is the average rating item i 

received.  

The mechanism for user influence-centric algorithm is that a user’s preference is affected 

by direct influence exerted by neighbors and indirect influence exerted by the structure of 

neighborhood. Preference prediction based on direct influence is the combination of influ-

ence-weighted preference of the target user’s neighbors and the effect of the total influence 

the user received from his/her neighborhood. On the other hand, preference prediction based 

on indirect influence is learning the correlation of target user’s preference and latent attributes 

of the structure of neighborhood.  

 

4.3 Preference based on direct influence 

4.3.1 User neighbor selection 

In traditional user-based CF algorithms, there are several methods to measure the closeness of 

two users such as Pearson correlation, cosine-based similarity, probability-based similarity 
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which are discussed in Section 3.2. Generally, the closeness between users is balanced or un-

directed, which means that arbitrary two users have the same closeness between them. How-

ever, in some cases, two users may have different feelings or perceptions for each other. For 

example, from Jim’s point of view, he and Joe are good friends, but from Joe’s point of view, 

the relationship between them is just normal (Figure 3). 

 

 

Figure 3 Traditional similarity strategy and unbalanced similarity strategy 

This thesis uses such an assumption in neighbors’ selection: from a user u’s point of view, 

u and v’s closeness is not definitely the same as v’s closeness to u from v’s point of view. And, 

the closeness between a user and another user is not only related to the similarity between 

them, but also has correlated with the fraction of items with the same acceptance state to the 

total rated items. 

 From a user u’s point of view, u and v’s closeness is different from v’s closeness to u 

from v’s point of view, i.e. uv vuc c . 

 For user u’s several nearest neighbors, we need to rank uvc  in descending order and 

select most nearest neighbors. 

 For the prediction of user u’ preference for item i, we use weight vuc , which measures 

user v’s influence on user u. 

A user’s influence on another user is related to the closeness between them. In addition to 

traditional similarity, we define the following formula to measure the closeness of two users 

from user v’s point of view: 

uv uv uv vc s Y Y                            (14) 

where uvs  is the similarity between u and v, 
uvY  is the number of items for which both u 

and v have the same preference state, and 
vY is the number of items which has been rated by 
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v. For instance, Figure 3 shows how to measure the unbalanced similarity. 

 

 

Figure 4 Computation of unbalanced similarity 

 

After measuring the closeness of two arbitrary users, the next step is to select nearest 

neighbors. In this thesis we have the following definitions: 

  ( ) | 0,uvN u v c v U                              (15) 

 ( ; ) | 0, 0,uv viN u i v c r v U                           (16) 

where uvc  is the closeness from u to v. Formula (15) means user u’s global neighborhood 

without considering specific item. Formula (16) means user u’s neighbors who also rated item 

i. From the definitions, we can see that ( )N u  is fixed for arbitrary user u, but ( ; )N u i  is not 

static and adaptively varies with the target item. Apparently, ( ; ) ( )N u i N u  holds for arbitrary 

user. 

 

4.3.2 User influence coefficient 

User influence coefficient denotes the importance of a user in predicting other users’ prefer-

ence. In this thesis, we use user influence coefficient to measure a user’s ability to influence 

another user, and persuade to have the same preference rate with the target user. The defini-

tion of user influence coefficient of a user v on user u is as follows: 

( )( ) / ( ( ) )uv uv q N u uqp N v Y max N q Y                  (17) 

where ( )N v  is the number of v’s neighbors and 
uvY is the number of items for which both 

u and v have the same preference state. Apparently, user influence coefficient is normalized, 
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i.e. 0 1uvp   in our definition. Based on this definition, we can see that the more the 

number of neighbors of v and the more the number of items for which both users have the 

same preference state, the more ability v can influence u. 

 

4.3.3 Persuasive influence and supportive influence 

On the basis of social impact theory, if a target user u’s preference state for an item i is the 

same as a neighbor v’s preference state for the target item i, we can say that v has supportive 

influence on u. On the other hand, if u’s preference state for an item i is different from a 

neighbor v’s preference state for i, then we can say that v has persuasive influence on u. Thus, 

a target user u’s neighbors can be grouped into: persuasive group, in which neighbors have 

opposite preference with u, and supportive group, in which neighbors have the same prefer-

ence state as u. Except for influence coefficient and closeness defined in [18], we also con-

sidert the number of ratings given by the target user, i.e. the more ratings a user gave, the less 

influence the other user will exert on him/her, and the vice versa. Then we can define user v’s 

persuasive influence or supportive influence on u as follows: 

/ ( )p

uv uv uv uw p c log p Y                           (18) 

/ ( )s

uv uv uv uw p s log s Y                           (19) 

where 
uY  indicates the number of ratings user u gave, parameter p and s are used to distin-

guish the difference between persuasive influence and supportive influence. We call p per-

suasive factor, and s supportive factor. 

Additionally, we also consider that the combined effect of persuasive influence and sup-

portive influence plays an important role in the prediction of preference. On the basis of so-

cial impact theory, the total influence user u received from the neighborhood could be calcu-

lated in the following forms: 

( ; ) ( ; )p s

p s

u p uv s uv

v N u i v N u i

w N w N w 

 

                       (20) 
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where ( ; )pN u i is the set of users who have opposite preference state with u and have rated item 

i, 
pN  is the number of the set, ( ; )sN u i  is the set of users who have the same preference state 

with u and have rated item i, 
sN  is the number of the set, and   is a parameter controlling 

the contribution of numbers of users in persuasive group and supportive group respectively. 

There are two possible situations by taking combined effect of persuasive influence and 

supportive influence into account: 

 If 0uw  , this indicates that the pressure in favor of the preference state change 

overcomes the pressure to keep the current preference state. In this thesis, we define 

the greater the value of uw , the higher probability of user u changes his/her prefer-

ence state for item i. 

 If 0uw  , this shows that the pressure to keep the current preference state overcomes 

the pressure in favor of the preference state change. In this thesis, we define that the 

greater the value of uw , the higher probability user u keeps his/her preference state 

for item i.  

 

4.3.4 Preference prediction 

Before introducing the preference prediction model, we introduce a closeness threshold pa-

rameter,  , based on linear threshold model, i.e. a user u can be influenced by his/her 

neighbors only if 

( ; )

vu

v N u i

c 


                                     (21) 

In the closeness threshold model above, we need to notice that we use vuc instead of uvc . 

This is because we take unbalanced strategy. 

As discussed in Section 4.1, a user’s predictive preference based on user direct influence 

is the combination of influence-weighted preference of the target user’s neighbors’ preference 

for the target item and the reinforcement of the total influence effect the target user received 

from his/her neighborhood. Thus, considering the combined effect of total influence, we use a 

parameter,  , to control the contribution of the effect of the total influence and have the fol-
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lowing formula for the prediction of a user u’s preference for item i based on u’s neighbors’ 

preference for i: 

( ; ) ( ; )

( ; ) ( ; )

1

1

up s

u

p s

p s

ui uv ui uv w
v N u i v N u i

ui ui wp s

uv uv

v N u i v N u i

r w r w
e

r o
w w e




 



 




  
 

 

 
             (22) 

where the first term indicates the influence-weighted preference of user u’s neighborhood, 

and the second term addresses the effect of total influence received from neighborhood.  

With respect to prediction based on direct influence, this thesis use iterative schema to 

update the preference: 

1 1

0

ˆ(1 ) ,  2  closeness threshold is satisfied 
ˆ

                         ,  1  closeness threshold is not satisfied

k k

ui uik

ui

ui

r r k and
r

r k or

     
 


     (23) 

where 
   rui

k-1 is the prediction of user u’s preference for item i based on u’s neighbors’ direct 

influence during the k-th iteration. If k = 1, we use user’s original preference 
0

uir . 

In summarily, the process of direct influence algorithm is as follows: 

1. Measuring users’ closeness and selecting a target user’s nearest neighbors using un-

balanced strategy related to target item. 

2. Computation of a user’s influence coefficient which denotes the user’s ability to in-

fluence another user, and persuade to have the similar preference (the same preference 

state) with the user. 

3. Computation and analysis of persuasive influence and supportive influence, and ana-

lyzing the total influence effect of these two types of influence. 

4. Prediction of preference based on neighborhood and total influence effect by formula 

(22) and (23) under the condition of closeness threshold is satisfied.  

5. If the closeness threshold is not satisfied, then repeat step 3 and 4. 

 

4.4 Preference based on indirect influence 

4.4.1 Preference influenced by the structure of neighborhood 
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Traditional user-based CF methods consider the integrated preference of the neighbors of a 

target user to predict the user’s preference, ignoring the influence of the structure of the 

neighborhood. For instance, these neighbors may have opposite preference state as Section 

4.3 presents, i.e. the neighbors form two groups based on their preference. One group con-

tains users who give persuasive influence on the target user, and we call it persuasive group. 

On the other hand, the other group contains users who give supportive influence on the target 

user, and we call it supportive group. Furthermore, the effect of the size of each group is also 

underestimated by traditional user-based CF method. For example, if the number of persua-

sive group is greater than the number of supportive group, the target user may tend to take the 

integrated preference of supportive group, which contains majority users. These factors, 

which are not considered in tradition user-based CF method, may actually play important 

roles in the prediction of target user’s preference [20]. 

Thus, in this thesis, we consider the influence of the structure of neighborhood as indirect 

influence, and try to discover several useful and meaningful latent attributes of the structure, 

such as group size difference, total influence difference and standard deviation difference, in 

user-based CF systems. Then, corresponding correlations between users’ preference and these 

attributes by several popular data mining techniques are suggested. The flow of indirect in-

fluence algorithm is as Figure 5 shows. 
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Figure 5 Process of prediction based on indirect influence 

 

Technically speaking, we partition a target user u’s neighbors related to item i into persua-

sive group and supportive group. Persuasive group ( ; )pN u i  contains users who have rated 

item i and have opposite preference state with u, i.e.  

( ; ) { 0, 0, 0, }p

vi uv ui viN u i v r c o o v U                         (24) 

Supportive group ( ; )sN u i  contains users who have rated item i and have the same preference 

state as u, i.e.   

( ; ) { 0, 0, 0, }s

vi uv ui viN u i v r c o o v U                         (25) 

The number of user in each group is ( ; )pN u i  and ( ; )sN u i  respectively. Apparently, 

( ; ) ( ; ) ( ; )p sN u i N u i N u i  and ( ; ) ( ; )p sN u i N u i  . If we define the integrated preference of 

each group as the average preference of them, then we have integrated preference of persua-

sive group as  

( ; )

( ; )

p viv N u ip

ui p

r
r

N u i





                              (26) 
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and integrated preference of supportive group as 

( ; )

( ; )

s viv N u is

ui s

r
r

N u i





                              (27) 

The aim of indirect influence algorithm is to find useful and meaningful latent attributes be-

tween the persuasive group and supportive group, and predict whether the target user would 

like to take the integrated preference of persuasive group or supportive group.  

Assuming there is a set of latent attributes 1 2{ , , , }lA a a a  for arbitrary users’ neighbors 

related to item i, and then the prediction becomes a classification problem, i.e. each observed 

user u’s latent attributes of neighborhood consists of a pair: a attributes vector 

1 2{ , , }ui u u ula a a a , where l

uia R , and the associated label uiy ,where 
,{ }p s

ui ui uiy r r . The classi-

fication task is to learn the mapping ui uia y . In the next section, we define several rated latent 

attributes of user neighborhood. 

 

4.4.2 Mining latent attributes 

In [15], the authors list 24 potential attributes of user-item-rating matrix, such as number of 

ratings, degree of agreement with others, average of user’s rating, standard deviation in user 

rating and so on. But clearly these attributes are just the statistical features of the matrix. In 

this thesis, we attempt to discovery several latent attributes of the neighborhood which de-

scribe the structure of target user’s neighbors and have correlations with user’s preference. 

We use two data set Movielens and Netflix (see details in Section 6) to conduct experi-

ments and after several trials, we have the following useful and meaningful latent attributes in 

users’ neighborhood: 

 Group Size Difference (GSD): the difference of size of persuasive group and support-

ive group. This attribute measures the difference of two groups in terms of neighbors’ 

number. If GSD>0, the persuasive group has more users than that of supportive group 

and vice versa. 

( ; ) ( ; )

( ; ) ( ; )

p s

p s

N u i N u i
GSD

N u i N u i





                    (28) 
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 Total Influence Difference (TID): the difference of influence of persuasive group and 

supportive group on target user. This attribute measures the difference of influence 

between two groups and the target user. If TID>0, the persuasive group has much more 

influence on the target user than that of supportive group, and vice versa. 

( ; ) ( ; )

p s

uv uvv N u i v N u i
TID w w

 
                (29) 

 Standard Deviation Difference (SDD): the difference of standard deviation between 

persuasive group and supportive group. This attribute measures difference of ratings in 

two groups in terms of standard deviation. SDD>0 indicates that the ratings in persua-

sive group are closer than that of supportive group, and vice versa. In the following 

computation for SDD, 
p

ir  and 
s

ir  indicate the average rating of persuasive group 

and supportive group for item i respectively. 

2 2

( ; ) ( ; )
( ) ( )

( ; ) ( ; )

p s

p s

vi i vi iv N u i v N u i

p s

r r r r
SDD

N u i N u i

 
 

 
 

         (30) 

Taking Netflix data set for example, the correlation of these attributes and users’ preference 

tendency is as Figure 6 shows. The red points mean users would like to take the opinion of 

persuasive group, and the blue points mean users would like to take the opinion of supportive 

group. From this figure, we can see that the two classes do not have distinct boundaries, but 

still are separated into two parts. Furthermore, if we set a threshold to GSD, for example 

|GSD|>=0.1, then we obtain a result as Figure 7 shows. We can see that the two classes are 

divided into two parts clearly except several points. 
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Figure 6 Correlation of latent attributes and preference 

 

Figure 7 Correlations of latent attributes and preference given threshold to GSD 
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Moreover, we also investigate the pair correlation of these three attributes and users’ pref-

erence as Figure 8, 9 and 10 show, where blue lines and points mean probability that users 

would like to take integrated preference of persuasive group and red ones mean probability 

that users would like to take integrated preference of supportive group. From these figure, we 

can see that the greater of the absolute value of these attributes, the high probability that users 

would like to take the opinion of one of the groups. 

 

Figure 8 Correlation of GSD and users’ preference 

 

Figure 9 Correlation of TID and users’ preference 
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Figure 10 Correlation of SDD and users’ preference 

Based on these findings, we can see that users’ preference is related to these three attributes: 

group size difference, total influence difference and standard deviation difference. Thus, we 

can have the following conclusions: 

 Users’ preference is related to neighbors’ group size difference, total influence differ-

ence and standard deviation difference. 

 Given threshold for those attributes, the boundary of persuasive group and supportive 

group could be clear. 

 

4.4.3 Implementation 

Based on Section 4.4.2, we have three latent attributes, i.e. GSD, TID, SDD, for each user u’s 

neighborhood related to item i. That is, 1 2{ , , , } { , , }kA a a a GSD TID SDD  . Accordingly, the 

label is
,{ }p s

ui ui uiy r r . As discussed in Section 4.4.1, the user indirect influence algorithm is a 

classification problem. Besides, from Section 4.4.2 we can see that we can obtain better classi-

fication if we set thresholds for one or more attributes. Thus, before implementing classifica-

tion algorithms, we firstly define thresholds for attributes. In order to avoid too complicated, 

we just use one threshold   for GSD, i.e. GSD  , in this thesis. That is, we only implement 

classification algorithms on these cases that satisfy GSD threshold. 
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There are many classification algorithms in artificial intelligence literature, such as Deci-

sion tree, Clustering, Logical regression, Bayesian classification, Support Vector Machine, 

and so on. In this thesis, since the prediction task is a classification task, we use the following 

data mining/machine learning techniques to predict users’ preference based on the three latent 

attributes discussed in Section 4.3.2.  

 Decision Tree: Decision trees are classifiers on a target attribute (or class) in the form 

of a tree structure [71], [72]. Each node corresponds to one of these attributes, and 

edges correspond to the possible values of the attributes. Decision trees are produced 

by algorithms that identify various ways of splitting a data set into branch-like seg-

ments. These segments form an inverted decision tree that originates with a root node 

at the top of the tree. The object of analysis is reflected in this root node as a simple, 

one-dimensional display in the decision tree interface. The name of the field of data 

that is the object of analysis is usually displayed, along with the spread or distribution 

of the values that are contained in that field. 

 Naive Bayesian: A Bayesian classifier is a probabilistic framework, which is based on 

the definition of conditional probability and the Bayes theorem. In simple terms, a na-

ive Bayes classifier assumes that the value of a particular feature is unrelated to the 

presence or absence of any other feature, given the class variable. For example, a fruit 

may be considered to be an apple if it is red, round, and about 3" in diameter. A naive 

Bayes classifier considers each of these features to contribute independently to the 

probability that this fruit is an apple, regardless of the presence or absence of the other 

features [73]. 

 Neural Networks: An Artificial Neural Network (ANN) is an assembly of in-

ter-connected nodes and weighted links that is inspired in the architecture of the bio-

logical brain. Nodes in an ANN are called neurons as an analogy with biological neu-

rons. These simple functional units are composed into networks that have the ability to 

learn a classification problem after they are trained with sufficient data [74], [75]. 

 Support Vector Machines: the goal of a SVM classifier is to find a linear hyperplane 

(decision boundary) that separates the data in such a way that the margin is maximized. 
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SVM can be used for both regression and classification problems. For classification 

problems, an SVM model is a representation of the examples as points in space, 

mapped so that the examples of the separate categories are divided by a clear gap that 

is as wide as possible. New examples are then mapped into that same space and pre-

dicted to belong to a category based on which side of the gap they fall on [76], [77]. 

4.5 Summary 

In summary, this chapter presents the process of user influence-centric recommendation algo-

rithm. Firstly, we define the basic idea and notation in user influence-centric recommendation 

model, and then presents preference prediction based on neighbors direct influence and the 

effect of total influence, and preference prediction based on neighborhood indirect influence, 

which is based on extraction and selection of the latent attributes of neighborhood. 
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5 Item influence-centric algorithm 

5.1 Introduction 

This chapter presents item influence-centric recommendation algorithm (item-ICR). 

Item-ICR predicts users preference based on direct influence from the target item’s neighbors, 

and indirect influence because of the structure of item’s neighborhood [19].  

As well as user direct influence model, item direct influence model is based on 

item-based collaborative filtering, i.e. a user’s preference for an item is approximated based 

on user’s ratings on these items which have influence on the target item. The main difference 

between our proposed algorithm and standard item-based algorithm is that each rating is 

weighted by the corresponding influence of rated item on target unrated item instead of their 

similarity. And furthermore, as an extension of the other influence-based algorithms, we dis-

tinguish these influence into persuasive influence and supportive influence, and take into ac-

count the total influence of these two types of influence in the preference prediction process. 

With respect to indirect influence model, it measures how a user’s preference is affected by 

the structure of the target item’s neighborhood. Traditional item-based collaborative filtering 

predicts the user’s preference based on the integrated preference of the neighborhood, ignor-

ing the structure of these neighbors. This thesis attempts to discover useful and meaningful 

latent attributes from the structure of neighborhood, and mines corresponding correlations 

between users’ preference and these latent attributes by several popular data mining tech-

niques. 

In the following sections of this chapter, we develop an item influence-centric model to 

satisfy the above description. Section 5.1 defines the basic notation used in the algorithm; 

Section 5.2 presents how to predict user’s preference based on direct influence and 5.3 shows 

how to predict user’s preference based on indirect influence. 

5.2 Problem definition 

Consider that there are m users and n items in a user-based collaborative filtering system. We 

can define the set of users U as the set of integers {1, 2… m} and the set of items I as the set of 
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integers {1, 2… n}. The ratings of users for items 
uir  are stored in a m n  rating matrix

 1 ;1 ,0ui uiR r u m i n r r        where r is the rating scale. Except for absolute ratings, we also 

use binary measurement to indicate user’s preference state or item’s acceptance state, i.e. 

1,       

1,    0

ui

ui

ui

if r
o

if r






 

  
                               (31) 

where0 r  . If u has not rated item i, then we use the initial preference 0

uir  instead of the 

real rating 
uir in formula (31). Initial preference represents a user’s preference tendency 

based on the rating distribution or other recommendation algorithms. In order to compare our 

algorithms with other standard collaborative filtering algorithms, we use a simple formula to 

get 0

uir  as follows: 

0 (1 )ui u ir r r                               (32) 

where 0 1  , 
ur  is the average rating user u has given and 

ir is the average rating item i 

received. 

The idea for item influence-centric algorithm (Item-ICA) is that a user’s preference for an 

item is affected by direct influence exerted by the item’s neighborhood and indirect influence 

exerted by the structure of item’s neighborhood. Preference prediction based on direct influ-

ence is the combination of influence-weighted preference of the target user’s preference for 

target item’s neighbors and the effect of the total influence the item received from its neigh-

borhood. On the other hand, preference prediction based on indirect influence is learning the 

correlation of target user’s preference for target item and latent attributes of the structure of 

target item’s neighborhood. 

 

5.3 Preference based on direct influence 

5.3.1 Item neighbor selection 

In traditional item-based CF algorithms, there are several methods to measure the closeness 

of two items such as Pearson correlation, cosine-based similarity, probability-based similarity 
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which are discussed in Section 3.2. Generally speaking, the closeness between items is bal-

anced or undirected, which means that arbitrary two items have the same closeness between 

them. Similarly to user neighbor selection, this thesis also uses unbalanced strategy in item 

neighbor selection:  

 From an item i’s point of view, i and j’s closeness is different from j’s closeness to i 

from j’s point of view, i.e. ij jic c . 

 For item i’s several nearest neighbor, we need to rank ijc  in descending order and 

select most nearest neighbors. 

 For the prediction of users’ preference for item i, we use weight jic , which measures 

item j’s influence on item i. 

And, the closeness between an item i and another item j is not only related to the similarity 

between them, but also has correlation with the fraction of users with the same preference 

state for i and j to the total number of users who give ratings to i. Thus, we define the follow-

ing formula to measure the closeness of two items from user i’s point of view: 

ij ij ij ic s Y Y                             (33) 

where ijs  is the similarity between i and j, 
ijY  is the number of users who have the same 

preference state for both i and j, and 
iY is the number of users who have rated i. 

After measuring the closeness of two arbitrary items, the next step is to select nearest 

neighbors. In this thesis we have the following definitions: 

  ( ) | 0,ijN i j c j I                              (34) 

 ( ; ) | 0, 0,ij ujN i u j c r j I                           (35) 

where ijc  is the closeness from i to j. Formula (34) means item i’s global neighborhood 

without considering specific user u. Formula (35) means item i’s neighbors which also are 

rated by user u. From the definitions, we can see that ( )N i  is fixed for arbitrary item i, but 

( ; )N i u  is not static and adaptively varies with the target user. Apparently, ( ; ) ( )N i u N i  holds 

for arbitrary item. 
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5.3.2 Item influence coefficient 

Items’ influence coefficient denotes the importance of items in predicting users’ preference 

for other items. In this paper, we use influence coefficient to measure an item’s ability to in-

fluence another item, and persuade to have the same acceptance rate with the item. We define 

the influence coefficient of an item j on item i as follows: 

  ( )( ) / ( ( ) )ij ij k N i ikp N j Y max N k Y                (36) 

where ( )N j  is the number of j’s neighbors and 
ijY is the number of users who have the same 

preference state for both i and j. Apparently, items’ influence coefficient is normalized, i.e. 

0 1ijp  in our definition. Based on this definition, we can see that the more number of 

neighbors of j and the more number of users who have the same preference state for both i 

and j, the more ability v can influence u. 

 

5.3.3 Persuasive influence and supportive influence 

On the basis of social impact theory, if a user u’s preference state for an item j is the same as 

u’s preference state for the target item i, we define that j have supportive influence on i. On 

the other hand, if u’s preference state for an item j is different from u’s preference state for i, 

then we define that j have persuasive influence on i. Except for influence coefficient and 

closeness defined in [60], we also consider the popularity of items, i.e. the more popular an 

item is, the less influence the other items will have on it, and the vice versa. So if we use the 

number of ratings item i received to measure the popularity of the item, then we can define 

item j’s persuasive influence or supportive influence on i with respect to user u as follows: 

/ ( )p

ij ij ij iw p c log p X                       (37) 

/ ( )s

ij ij ij iw p s log s X                        (38) 

where 
iX  indicates the number of ratings item i received, parameters p and s are used to 
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distinguish the difference between persuasive influence and supportive influence. Intuitively, 

the value of p is bigger than that of s, since it is harder to persuade to change than support to 

keep the status. 

Additionally, we also assume that the combined effect of persuasive influence and sup-

portive influence plays an important role in the prediction of preference. On the basis of so-

cial impact theory, the total influence item i received with respect to user u could be calcu-

lated in the following forms: 

( : ) ( : )p s

p s

i p ij s ij

j N i u j N i u

w N w N w 

 

                        (39) 

where ( : ) pN i u is the set of items which have opposite acceptance state with i by user u, 
pN  is 

the number of the set, ( : )sN i u  is the set of users who have the same acceptance state with i by 

user u, 
sN  is the number of the set, and   is a parameter controlling the contribution of 

numbers of items who have opposite or the same acceptance state with i by u. 

There are two possible situations by taking combined effect of persuasive influence and 

supportive influence into account: 

 If 0iw  , this indicates that the pressure in favor of the preference state change over-

comes the pressure to keep the current preference state. Additionally, the bigger the 

value of iw , the higher possibility user u changes his/her preference state for item i. 

 If 0iw  , this shows that the pressure to keep the current preference state overcomes 

the pressure in favor of the preference state change. In addition, the bigger the value of 

iw , the higher possibility user u keeps his/her preference state for item i.  

 

5.3.4 Preference prediction 

Before introducing the preference prediction model, we introduce a closeness threshold pa-

rameter   based on linear threshold model, i.e. an item i can be influenced by his/her 

neighbors if 

( ; )

ji

j N i u

c 


                                     (40) 
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In the closeness threshold model above, we need to notice that we use jic  instead of ijc . 

This is because we take unbalanced strategy. 

As discussed in Section 4.1, a user’s predictive preference based on item influence-centric 

algorithm (item-ICA) is the influence-weighted preference of the target user’s preference for 

the target item’s neighbors and the reinforcement of the total influence effect the item re-

ceived from its neighborhood. 

Thus, considering the combined effect of total influence, we use a parameter   to control 

the contribution the effect of the total influence and have the following formula for the pre-

diction of a user u’s preference for item i based on u’s preference for i’s neighbors: 

( ; ) ( ; )

( ; ) ( ; )

1

1

i
p s

i

p s

p s

uj ij uj ij w
j N i u j N i u

ui ui wp s

ij ij

j N i u j N i u

r w r w
e

r o
w w e




 



 




  
 

 

 
               (41) 

where the first term indicates the weighted preference of item i’s neighborhood, and the sec-

ond term addresses the effect of total influence received from neighborhood.  

With respect to prediction based on direct influence, this thesis use iterative schema to 

update the preference: 

1 1

0

ˆ(1 ) ,  2  closeness threshold is satisfied 
ˆ

                         ,  1  closeness threshold is not satisfied

k k

ui uik

ui

ui

r r k and
r

r k or

     
 


   (42) 

where 
   rui

k-1is the prediction of user u’s preference for item i based on u’s preference i’s 

neighbors’ direct influence during the k-th iteration.  

In summary, the process of direct influence algorithm is as follows: 

1. Measuring items’ closeness and selecting a target item’s nearest neighbors using un-

balanced strategy related to target user. 

2. Computation of an item’s influence coefficient which denotes the user’s ability to in-

fluence another user, and persuade to have the similar preference (the same prefer-

ence state) with the user. 

3. Computation and analysis of persuasive influence and supportive influence, and ana-
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lyzing the total influence effect of these two types of influence. 

4. Prediction of preference based on item’s neighborhood and total influence effect by 

formula (41) and (42) under the condition of closeness threshold is satisfied.  

5. If the closeness threshold is not satisfied, then repeat step 3 and 4. 

 

5.4 Preference based on indirect influence 

5.4.1 Preference influenced by the structure of neighborhood 

In the case of item influence-centric method, indirect influence is the impact of the structure 

of an item’s neighbors. Like user influence-centric method, we consider the influence of the 

structure of items’ neighborhood as indirect influence, and try to discover several useful and 

meaningful latent attributes of the structure, such as group size difference, total influence dif-

ference and average popularity difference, in item-based CF systems. Then, corresponding 

correlations between users’ preference and these attributes by several popular data mining 

techniques are suggested.  

Technically speaking, we partition a target item i’s neighbors rated by user u into persua-

sive group and supportive group. Persuasive group ( ; )pN i u  contains items, which are rated 

by u and have opposite acceptance state with i, i.e.  

( ; ) { 0, 0, 0, }p

uj ij ui ujN i u j r c o o j I                         (43) 

Supportive group ( ; )sN i u  contains items, which are rated by user u and have the same ac-

ceptance state as i, i.e.   

( ; ) { 0, 0, 0, }s

uj ij ui ujN i u j r c o o j I                         (44) 

The number of items in each group is ( ; )pN i u  and ( ; )sN i u  respectively. Apparently, 

( ; ) ( ; ) ( ; )p sN i u N i u N i u  and ( ; ) ( ; )p sN i u N i u  . If we define the integrated acceptance of 

each group as the average acceptance by target user u, then we have integrated preference of 

persuasive group is  

( ; )

( ; )

p ujj N i up

iu p

r
r

N i u





                              (45) 
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and integrated preference of supportive group is 

( ; )

( ; )

s ujj N i us

iu s

r
r

N i u





                              (46) 

The aim of indirect influence algorithm is to find useful and meaningful latent attributes be-

tween the persuasive group and supportive group, and predict whether the target user would 

like to take the integrated acceptance of persuasive group or supportive group.  

Assuming there is a set of latent attributes 1 2{ , , , }lA a a a  for arbitrary items’ neighbors 

related to user u, and then the prediction becomes a classification problem, i.e. each observed 

item i’s latent attributes of neighborhood consists of a pair: a attributes vector 

1 2{ , , }iu i i ila a a a , where l

iua R , and the associated label iuy ,where 
,{ }p s

iu iu iuy r r . The classi-

fication task is to learn the mapping iu iua y . In the next section, we define several rated latent 

attributes of item neighborhood. 

 

5.4.2 Mining latent attributes 

We use the same data sets as Section 5.2.2 to conduct experiments, and after several trials, we 

have the following latent attributes in items’ neighborhood: 

 Group Size Difference (GSD): the difference of size of persuasive group and supportive 

group. This attribute measures the difference of two groups in terms of neighbors’ 

number. If GSD>0, it indicates that the persuasive group contains more items who are 

liked by the target user than that of supportive group, and vice versa. 

( ; ) ( ; )

( ; ) ( ; )

N i u N i u
GSD

N i u N i u

 

 





                        (47) 

 Total Influence Difference (TID): the difference of influence of persuasive group and 

supportive group on target item. This attribute measures the difference of closeness 

between two groups and the target item. If TID>0, the persuasive group is much closer 

to the target item than that of supportive group, and vice versa. 

( ; ) ( ; )

p s

ij ijj N i u j N i u
TID w w  

  
   

           (48) 
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 Average Popularity Difference (APD): the difference of average popularity between 

persuasive group and supportive group. This attribute measures difference of two 

groups in terms of the average popularity. APD>0 indicates that the persuasive group is 

much more popular than that of supportive group on average, and vice versa. In the 

following computation for APD, jY  denotes the ratings received by item j. 

( ; ) ( ; )

( ; ) ( ; )

j jj N i u j N i u
Y Y

APD
N i u N i u

  

 
 
 

                 (49) 

Take Netflix dataset for example, the correlation of these attributes and users’ preference 

tendency is as Figure 11 shows. The red points mean the target user would like to take the 

opinion of persuasive group for the target item, and the blue points mean users would like to 

take the opinion of supportive group for the target item. From this figure, we can see that the 

two classes do not have distinct boundaries, but still are separated into two parts. Furthermore, 

if we set a threshold to GSD, for example |GSD|>=0.1, then we obtain a result as Figure 12 

shows. We can see that the two classes are divided into two parts clearly except several points. 

 

Figure 11 Correlations of latent attributes of target item’s neighbors and user’s preference 



 

 

55   

 

Figure 12 Correlations of latent attributes of target item’s neighbors and user’s preference 

given |GSD|>=0.1 

Moreover, we also investigate the pair correlation of these three attributes and users’ pref-

erence as Figure 13, 14 and 15 show. From these figure, we can see that the greater of the ab-

solute value of these attributes, the higher coverage that target user would like to take inte-

grated opinion of one of the groups. 

 

Figure 13 Correlations of GSD and user’s preference 
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Figure 14 Correlations of TID and user’s preference 

 

Figure 15 Correlations of APD and user’s preference 

 

5.4.3 Implementation 

Based on Section 5.4.2, we have three latent attributes, i.e. GSD, TID, APD, for each item i’s 

neighborhood related to user u. That is, 
1 2{ , , , } { , , }kA a a a GSD TID APD  . Accordingly, the 

label is
,{ }p s

iu iu iuy r r . As discussed in Section 5.4.1, the user indirect influence algorithm is a 

classification problem. Besides, from Section 5.4.2 we can see that we can obtain better classi-



 

 

57   

fication if we set thresholds for one or more attributes. Thus, before implementing classifica-

tion algorithms, we firstly define thresholds for attributes. In order to avoid too complicated, 

we just use one threshold   for GSD, i.e., GSD  , in this thesis. That is, we only imple-

ment classification algorithms on these cases that satisfy GSD threshold. 

In this thesis, since the prediction task item based on indirect influence model is also a 

classification task, we use the following data mining/machine learning techniques, which are 

shown details in Section 4.4.3, to predict users’ preference based on the three latent attributes 

discussed in Section 5.4.2.  

 Decision Tree 

 Naive Bayesian 

 Neural Networks 

 Support Vector Machines 

 

5.5 Summary 

In summary, this chapter presents the process of item influence-centric recommendation al-

gorithm. Firstly, we defines the basic idea of item influence-centric recommendation model, 

and then present preference prediction based on direct influence of item neighbors and the 

effect of total influence, and finally show how to predict users preference based on indirect 

influence of items’ neighborhood by mining and selecting the latent attributes of neighbor-

hood. 
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6 Experimental Evaluation 

6.1 Introduction 

This chapter presents the experimental evaluation methods and discusses correspondence re-

sults. We use two popular benchmark dataset: MovieLens dataset and Netflix dataset, to con-

duct experiment. With respect to evaluation metrics, we use Root Mean Squared Error and 

accuracy. RMSE measures how accurate an algorithm predicts ratings users will rate items, 

and accuracy measures whether an algorithm properly predicts that the user like or dislike 

recommended items. 

In the experiments, we investigated the performance of unbalanced strategy for neighbor 

selection, direct influence model, indirect influence model and the total performance of the 

combination of the two models. 

 

6.2 Data sets 

In this chapter, we use the following benchmark data sets, which are often used in the area of 

recommendation systems, to verify our research: 

 MovieLens dataset. The data was collected through the MovieLens web site (mov-

ielens.umn.edu) during the seven-month period from September 19th, 1997 through 

April 22nd, 1998. This data has been cleaned up – users who had less than 20 ratings or 

did not have complete demographic information were removed from this data set. The 

dataset contains 100,000 ratings (user-item-rating) with rating scale 1-5 and consists of 

943 users and 1,682 movies. 

 Netflix dataset. Netflix is an online-DVD rental company and held a competition for 

the best collaborative filtering algorithm to predict user ratings for movies in 2007. The 

dataset provided by Netflix had a training dataset of 100,480,507 ratings that 480189 

users gave to 17,770 movies. We randomly select 119,259 ratings gave by 3,492 users 

to 673 movies from the original dataset. 
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Both Moivelens dataset and Netflix dataset are real and provided by online users. As stand-

ard dataset, these two datasets have been used by a plenty of research in this area such as [10], 

[19], [20], [42], [45], [46]. The advantage of using such benchmark datasets is that it helps 

researchers compare their work with others, as well as the traditional recommendation algo-

rithms. But, unfortunately, the main problem of the datasets is sparsity. For instance, the den-

sity of NetFlix dataset is only 5.1%, which means there are 5.1% none-empty entries in us-

er-item-rating matrix, and the rest are empty. Table 4 shows the statistical characteristics of 

the datasets. 

 

Table 4 Statistical characteristic of datasets 

 Users  Items  Ratings Density 

MovieLens 943 1682 100000 6.3% 

NetFlix 3492 673 119259 5.1% 

 

6.3 Evaluation metrics 

In this thesis, we use Root Mean Squared Error (RMSE) and Accuracy to verify the perfor-

mance of proposed algorithms [78]. RMSE is the most used metric to measure rating predic-

tion accuracy. The RMSE between the predicted and actual ratings is given by: 

2ˆ( )ui uir r
RMSE

testset





                           (50) 

Accuracy indicates the fraction of true predictions to the actual value. That is, the accuracy is 

the proportion of true results (both true positives and true negatives) in the prediction. The 

definition is as follows: 

 

# #

# # # #

tp tn
Accuracy

tp fp fn tn




  
                        (51) 
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6.4 Experimental results and analysis 

6.4.1 Evaluation of unbalanced strategy for neighbor selection 

In this thesis we use unbalanced strategy for neighbor selection. This section evaluates the 

unbalanced strategy for neighbor selection. We use 5-fold cross validation in the experiment. 

That is, we randomly divide the dataset into 5 equal size subsets. In each time, a single subset 

is retained as the validation data for testing the performance of prediction, and the remaining 

4 (5-1) subsets are used as training data. Then the cross-validation is repeated 5 times. The 5 

results from the folds then are averaged to produce the final estimation of performance. 

 

Table 5 Method of validation 

 

Based on the method above, the experiments results are shown in Figure 15 and16. We 

observed that the unbalanced neighbor selection method can give better performance in terms 

of RMSE and accuracy than traditional neighbor selection method on both dataset. In addi-

tion, it is clear that it obtains the best RMSE performance just needing 20 nearest neighbors. 

However, it needs 50 nearest neighbors to get the best RMSE performance on MovieLens 

data by using traditional neighbor selection method. With respect to Accuracy, the results are 

more interesting and show different types of sensitivity. From Figure 16, we can see that it 

just needs the first nearest neighbor to get the best Accuracy performance, and with the in-

creasing of number of nearest neighbors, the accuracy keeps decreasing by using unbalanced 

neighbor selection method. On the other hand, traditional neighbor selection method im-

proves as we increase the neighborhood size from 1 to 30, after that the rate of increase di-

minishes and the curve tends to decline. 
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Figure 16 Performance of neighbor selection methods on Movielens in terms of RMSE 

 

Figure 17 Performance of neighbor selection methods on Movielens in terms of Accuracy 

The experiment shows similar results on Netflix dataset in terms of RMSE and Accuracy 

as figure 17 and 18 show. Obviously, the unbalanced neighbor selection method can give 

better performance in terms of RMSE and Accuracy than traditional neighbor selection 

method on both dataset. It obtains best RMSE performance just needing 30 nearest neighbors. 

However, it needs 60 nearest neighbors to get the best RMSE performance by using tradi-

tional neighbor selection method. With respect to Accuracy, the results are also interesting 

and show different types of sensitivity. From figure 18, we can see that it just needs the first 

nearest neighbor to get the best Accuracy performance, and with the increasing of number of 

nearest neighbors, the accuracy keeps decreasing by using unbalanced neighbor selection 
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method. On the other hand, traditional neighbor selection method improves as we increase 

the neighborhood size from 1 to 60, after that the rate of increase diminishes and the curve 

tends to decline. 

 

 

Figure 18  Performance of neighbor selection methods on Netflix in terms of RMSE  

 

Figure 19 Performance of neighbor selection methods on Netflix in terms of Accuracy 

The possible reason for these results might be the application of unbalanced strategy for 

neighbor selection. By using unbalanced strategy, we firstly select several most nearest 

neighbors from the target user or item’s point of view, and then compute closeness-weighted 

preference of the neighborhood, in which the closeness is from the neighbors’ point of view. 
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This strategy can measure the relationships between users or items much more accurate and 

efficient compared to traditional methods,  

 

6.4.2 Evaluation of direct influence model 

In this section, we investigated the performance of item direct influence model on MoiveLens 

dataset. Since only the cases that satisfy the requirement of closeness threshold can be pre-

dicted by direct influence model, so the experimental method is a little different. In order to 

study the relationship between threshold of closeness and RMSE, accuracy, coverage of satis-

fied cases on different training/test ratio (y), we randomly divided the dataset into 10 equal 

size subsets. In each time, x subsets is retained as the validation data for testing the perfor-

mance of prediction, and the remaining (10-x) subsets are used as training data. Besides, if we 

assume there are z cases satisfy the threshold of closeness, then the performance of prediction 

is defined as (52) and (53) shows. 

 

Table 6 Evaluation method of direct influence model 

 

2ˆ( )ui uir r
RMSE

z





                            (52) 

# #tp tn
Accuracy

z


                               (53) 

The parameters results of Movielens dataset are shown in Figure 20, 21 and 22. Figure 20 

shows the relationship of RMSE and threshold of closeness on different train/test ratio. From 

the figure, we observe that the RMSE decreases as we increase the closeness threshold   



 

 

64   

from 0 to 
o , where 

o  < 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, and after that the value of RMSE in-

creases. For instance, with regard to train/test ratio y=4/6, the method get best RMSE perfor-

mance when 
o  = 3. On the other hand, when the train/test ratio y = 8/2, the method get best 

RMSE performance at 
o  = 7. Similarly, with respect to the relationship of closeness 

threshold and accuracy, we observe that the accuracy improves as we increase the closeness 

threshold from 0 to 
o , where 

o <1,2,3,4,5,6,7,8,9,10, and after that the value of accuracy 

decreases. For example, when y = 4/6, the method gets best accuracy performance at 
o  = 6, 

which is different from that of RMSE.  

 

Figure 20 The correlation of threshold of closeness and RMSE on Movielens data 
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Figure 21 The correlation of persuasive factor and supportive factor and Accuracy 

From figure 20 and 21, we can see that the direct influence model has a clear advantage 

for the cases fulfilling the closeness threshold. But from Figure 22, we find that the coverage 

of satisfied cases sharply decreases as the closeness threshold increases. For example, when 

y=8/2 and 
o  = 3, the ratio of satisfied cases is about 0.12, that is, there are only a very 

small fraction of cases satisfy the closeness threshold and can be predicted by direct influence 

model.  

Hence, there is a tradeoff between prediction performance and coverage of satisfied cases. 

When the training/test ratio is smaller, the performance is worse than that that is greater. On 

the other hand, when we increase the coverage of satisfied cases, the performance improves 

as the increasing of closeness threshold. 

The analysis above indicates the rule of closeness threshold. That is, when the density of 

a data set is sparse, where ratio of data set is smaller, it is better to choose a smaller value of 

closeness threshold. With the increasing of data density, a moderate value is a good choice. 

Since if the value of closeness threshold too greater, the ratio of satisfied cases will very low, 

although the prediction performance improves for these satisfied cases, there are a plenty of 
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cases that cannot be predicted by direct influence model, then the final performance may not 

be good. 

 

Figure 22 The correlation of coverage and closeness threshold 

In addition, we also investigate the relationship of parameter persuasive factor p and 

supportive factor s. Figure 22 and 23 show results at training/test ratio y = 8/2 and closeness 

threshold   = 7. From Figure 22 we observe that the RMSE performance improves when 

we increase persuasive factor p, given a fixed supportive factor s. On the contrary, the RMSE 

performance decreases when we increase supportive factor s, given a fixed persuasive factor 

p. As a whole, the result shows better performance when s<p, which means persuasive factor 

p is greater than supportive factor s. 
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Figure 23 RMSE for different persuasive factor (p) and supportive factor (s) 

With respect to accuracy performance, the experiment shows similar results (Figure 24). 

From Figure 24, we observe that the accuracy performance improves when we increase per-

suasive factor p, given a fixed supportive factor s. On the contrary, the accuracy performance 

decreases when we increase supportive factor s, given a fixed persuasive factor p. As a whole, 

the result shows better performance when s<p, which means persuasive factor p is greater 

than supportive factor s. 
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Figure 24 The correlation of persuasive factor and supportive factor and RMSE 

Applying these results to the computation of persuasive influence and supportive influ-

ence, we can see that the persuasive influence is less than supportive influence given the 

same value of influence coefficient, closeness and popularity of item. This indicates that it is 

harder to impose persuasive influence than to impose supportive influence. Considering the 

meanings of persuasive influence and supportive influence, it reveals that a neighbor gives 

more influence, if he/she has similar opinion with the target user, than that if they have oppo-

site opinion. 

 

6.4.3 Evaluation of indirect influence model 

This part investigates the performance of indirect influence model under different GSD 

threshold on MovieLens dataset. The experiment method is similar to that in Section 6.4.1. 

We use RapidMiner
1
, which is a popular and powerful tool for data integration, transfor-

                                                   
1 http://rapidminer.com/ 
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mation, modeling and visualization, to lean indirect influence model and predict users’ pref-

erence. The learning process of RapidMiner is shown in Figure 25. 

 

Figure 25 Rapidminer learning process 

Figure 26 and 27 show the scatter plot of preference distribution of user indirect influence 

model with GSD threshold = 0 and 0.3 on training data. The blue points mean user would like 

to take the integrated opinion of persuasive group, and red point mean user would like to take 

the integrated opinion of supportive group. Based on the three latent attributes GSD, TID, 

SDD, the data points (preferences) roughly distribute on two areas. In Figure 26, where the 

GSD threshold = 0, the areas are overlapped and there is no clear boundary between them. 

But in figure x, we observe that the areas are divided clearly with GSD threshold = 0.3 except 

a few points. 

These results reveal that there are correlations of preference and latent attributes GSD, 

TID, SDD. In addition, it is apparent that the greater the value of GSD, the more blue points, 

which means that users would like to take the integrated opinion of persuasive group. On the 

contrary, the lower the value of GSD, the more red points, which means that users would like 

to take the integrated opinion of supportive group. 
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Figure 26 User indirect influence model with GSD threshold = 0 

 

Figure 27 User indirect influence model with GSD threshold = 0.3 
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Similarly, Figure 28 and 29 show the scatter plot of preference distribution of item indi-

rect influence model with GSD threshold = 0 and 0.1 on training data. The blue points mean 

user would like to take the integrated opinion of persuasive group, and red point mean user 

would like to take the integrated opinion of supportive group. Based on the three latent at-

tributes GSD, TID, APD, the data points (preferences) roughly distribute on two areas. In 

Figure 28, where the GSD threshold = 0, the areas are overlapped and there is no clear 

boundary between them. But in Figure 29, we observe that the areas are divided clearly with 

GSD threshold = 0.1 except a few points. 

These results reveal that there are correlations of preference and latent attributes, GSD, 

TID and APD. In addition, it is apparent that the greater the value of GSD, the more blue 

points, which means that users would like to take the integrated opinion of persuasive group. 

On the contrary, the lower the value of GSD, the more red points, which means that users 

would like to take the integrated opinion of supportive group. 

 

Figure 28 Item indirect influence model with GSD threshold = 0 
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Figure 29 Item indirect influence model with GSD threshold = 0.1 

Figure 30, 31, and 32 show the performance of item indirect influence model at train/test 

ratio = 8/2. From Figure 30, we observe that the RMSE performance improves with the in-

creasing of GSD threshold. Similarly, Accuracy performance shows the same tendency with 

increased value of GSD threshold. This indicates that the indirect influence model can give 

more accurate predictions for those cases that satisfied the GSD threshold with the increased 

value of threshold. 
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Figure 30 The performance of RMSE at difference GSD threshold 

 

Figure 31 The performance of Accuracy at difference GSD threshold 

Similar to direct influence model, from Figure 30 and 31, we can see that the indirect in-

fluence model has a clear advantage for the cases satisfying the GSD threshold. But from 

Figure 31, we find that the coverage of satisfied cases sharply decreases as the GSD threshold 

increases. For example, when t = 0.7, the coverage of satisfied cases is about 0.09, that is, 

there are only a very small fraction of cases satisfied the GSD threshold and can be predicted 

by direct influence model.  

Therefore, there is also a tradeoff between prediction performance and coverage of satis-
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fied cases. When the coverage is smaller, the performance is worse than that the coverage is 

greater. On the other hand, if we increase the coverage of satisfied cases, the performance 

will decline. This indicates that if the value of GSD threshold too greater, the ratio of satisfied 

cases will be very low, although the prediction performance improves for these satisfied cases, 

there are a plenty of cases that cannot be predicted by indirect influence model, then the final 

performance may be not good. 

 

Figure 32 The coverage at difference GSD threshold 

 

6.4.4 Evaluation of total performance 

Since the proposed influence-centric recommendation algorithms integrate direct influence 

and indirect influence model, this section presents the total performance of proposed methods, 

which combine direct influence and indirect influence model. Table 7 and Table 8 show the 

main optimal parameters in combined methods on MovieLens dataset and Netflix dataset re-

spectively. These optimal parameters are determined by empirical evaluation. 

Table 7 Parameters in combined methods on MovieLens 

Algorithms  Parameters Description Value 

User-ICR   contribution of numbers of users 1.2 

 p Persuasive factor 150 
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Algorithms  Parameters Description Value 

 s Supportive factor 20 

   Closeness threshold 0.1 

   GSD threshold 0.2 

   contribution of the effect of the total influence 1.5 

Item-ICR   contribution of numbers of items 0.7 

 p Persuasive factor 120 

 s Supportive factor 10 

   Closeness threshold 0.1 

   GSD threshold 0.15 

   contribution of the effect of the total influence 1.2 

Table 8 Parameters in combined methods on Netflix 

Algorithms  Parameters Description Value 

User-ICR   contribution of numbers of users 1 

 p Persuasive factor 200 

 s Supportive factor 20 

   Closeness threshold 0.25 

   GSD threshold 0.3 

   contribution of the effect of the total influence 1.5 

Item-ICR   contribution of numbers of items 1.2 

 p Persuasive factor 170 

 s Supportive factor 20 

   Closeness threshold 0.2 

   GSD threshold 0.2 

   contribution of the effect of the total influence 1.3 

Figure 33 and 34 show the RMSE performance of proposed algorithms and the other 

standard collaborative filtering methods on different training/test ratio of each dataset. From 
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the two figures, we can see that the proposed algorithms item-ICA and user-ICA, as well as 

the combination of item-ICA and user-ICA (shown as user-ICA+item-ICA in the figures), 

have better performance than the other standard collaborative filtering methods: user-based 

CF, item-based CF, and SVD, on each training/test ratio. But it is clear that the performance 

gets worse when the training/test ratio becomes smaller. This indicates that the proposed al-

gorithms still confront sparsity problem of collaborative filtering.  

 
Figure 33 Performances of proposed algorithms and other standard collaborative filtering 

methods on MovieLens dataset 
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Figure 34 Performances of proposed algorithms and other standard collaborative filtering 

methods on Netflix dataset 

6.5 Summary 

In summary, this chapter presents the experimental evaluation methods and discusses corre-

spondence results: the performance of unbalanced strategy for neighbor selection, direct in-

fluence model, indirect influence model and the total performance of the combination of the 

two models. 

In Section 6.4.1, we observe that unbalanced neighbor selection method not only im-

proves performance of traditional user-based CF and item-based CF in terms of RMSE and 

accuracy, but also has an advantage that it just needs fewer nearest neighbors obtaining best 

performance. 

In Section 6.4.2, we investigate the performance of direct influence model on the cases 

which satisfy closeness threshold. The results are much better than most recommendation 

algorithms, but we also notice that the coverage of satisfied cases decreases with the perfor-

mance improves. Hence, we come to the conclusion that there is a tradeoff between perfor-

mance and coverage. 

In Section 6.4.3, we have the similar results with those in Section 6.4.2. That is, the indi-
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rect influence model can give much better performance on the cases, which satisfy GSD 

threshold, but the coverage of satisfied cases decreases with the performance improves. 

In Section 6.4.4, we observe the final performance of combination of direct influence 

model and indirect influence model. Compared with other standard CF algorithms, it is clear 

that the proposed methods give better performance. 
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7 Conclusion 

7.1 Summary of contributions 

The contributions in the thesis are the unbalanced neighbor selection, influence measurement, 

preference prediction based on direct influence and prediction based on indirect influence. 

Specifically, the main contributions of this thesis are as follows: 

 Unbalanced strategy for neighbors’ selection 

  The unbalanced neighbor selection method not only improves performance of traditional 

user-based CF and item-based CF in terms of RMSE and accuracy, but also has an advantage 

that it just needs fewer nearest neighbors obtaining best performance. 

 Influence measurement 

This thesis considers influence between two users or items as the weight between them. A 

user u’s influence on another user v is defined as a function of the user’s influence coefficient 

on v and the closeness between them. Influence coefficient measures the ability a user or an 

item to influence another user or item, and persuade to have the similar preference with the 

user or item. Influence coefficient could be related to a user’s reputation, position and so on. 

Closeness indicates the similarity between two users or items in terms of interests or ac-

ceptance. 

 Preference prediction based on direct influence 

The performance of direct influence model on the cases, which satisfy closeness threshold, 

is much better than most recommendation algorithms, but we also notice that the coverage of 

satisfied cases decreases with the performance improves. Hence, we come to the conclusion 

that there is a tradeoff between performance and coverage. 

 Preference prediction based on indirect influence 

Indirect influence measures how a user’s preference is affected by the structure of the 

neighbors of the user. The indirect influence model can give much better performance on the 

cases which satisfy GSD threshold, but the coverage of satisfied cases decreases with the 

performance improves. 
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7.2 Future work 

As for our future work, we would like to describe different goals in two categories that 

are short and long term targets. 

7.2.1 Short term targets 

 Mining more useful and meaningful latent attributes of neighborhood 

In this thesis, we selected three latent attributes for user indirect influence model and item 

indirect influence model respectively. Although it shows better performance, but we believe 

that there should be much more useful and meaningful latent attributes to be mined.  

 Resolution of sparsity problem 

Although the proposed algorithms could leverage the sparsity problem to some extent, 

there still confront this problem when the data density is very sparse. Incorporating the other 

techniques, resolution of sparsity problem is one import work in a near future. 

 

7.2.2 Long term targets 

 Mining useful and meaningful latent attributes of user or item except for neighbor-

hood 

This thesis proposed a method to extract latent attributes of user or item’s neighborhood 

and obtain better performance. In the future, we will extract and select more latent attributes 

of users or items, not only based on user-item-rating matrix, but also based on the features of 

them, such as user age, income, item genre, keywords. 

 Applying the proposed algorithms in other areas such as friends recommendations 

As extensions of collaborative filtering, the proposed algorithms also have the advantage 

of such approach. For example, it just needs user-item-rating matrix, so it can be applied in 

many areas. As a long term target, we will apply the proposed algorithms to friends recom-

mendation scenario. 
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7.3 Final remarks 

The thesis puts forward a novel and integrated influence-centric framework, which not only 

predicts users’ preference based on neighbors’ direct influence but also takes into account 

indirect influence of neighborhood. Although the proposed recommendation algorithms can 

give better performance in terms of RMSE and accuracy compared with other standard col-

laborative filtering algorithms, challenge still exists in providing recommendations when the 

dataset is sparse. It is hoped that the sparsity problem could be resolved by focusing on the 

indirect model in the future work. 
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