
Charles University in Prague 

Faculty of Mathematics and Physics 

 

DOCTORAL THESIS 

 

Ladislav Peška 

 

 

Recommender systems - models, methods, experiments 

 

 

Department of Software Engineering 

 

Supervisor of the doctoral thesis: prof. RNDr. Peter Vojtáš, DrSc. 

 

Study programme: Computer Science 

Specialization: Software Systems 

Prague 2015 



First of all I would to sincerely thank my supervisor Peter Vojtáš for his support 

and guidance throughout my doctoral studies, especially to his ideas, comments and 

prompt responses, whenever I needed.  

Next, my thanks belong to Eva Mládková for her dedication and administrative 

support, as well as to my colleagues and fellow researchers Alan Eckhardt, Jan Dědek, 

Ivo Lašek, Michal Vaško, Tomáš Horváth, Kristof Marussy and Krisztian Buza. 

Without their cooperation, completion of this thesis would not be possible. However, 

achieving results of my research would not be possible even without the effort of all 

the anonymous reviewers. I would also like to thank to my parents, all the other family 

members and friends for their support, patience as well as encouragement.  

Last but not least, I would like to thank for the financial support provided by the 

following institutions, grants and projects: Charles University Grant Agency (GAUK-

126313, SVV-2012-265312, SVV-2013-267312, SVV-2014-260100, SVV-2015-

260222), Czech Science Foundation (GACR 202-10-0761) and Ministry of Education, 

Youth and Sports of the Czech Republic (MSM 0021620838).



 

 

 

 

 

 

 

 

 

 

 

 

I declare that I carried out this doctoral thesis independently, and only with the cited 

sources, literature and other professional sources. 

 

I understand that my work relates to the rights and obligations under the Act No. 

121/2000 Coll., the Copyright Act, as amended, in particular the fact that the Charles 

University in Prague has the right to conclude a license agreement on the use of this 

work as a school work pursuant to Section 60 paragraph 1 of the Copyright Act. 

 

In Prague, date............      signature 

 



Název práce: Doporučovací systémy - modely, metody a experimenty 

Autor: Ladislav Peška 

Katedra / Ústav: Katedra Softwarového Inženýrství 

Vedoucí doktorské práce:  

                       prof. RNDr. Peter Vojtáš, Dr.Sc., Katedra Softwarového Inženýrství  

Abstrakt: Tato práce se zaměřuje na oblast doporučovacích systémů a učení 

preference uživatele. Koncentrovali jsme se především na specifika doporučování na 

menších e-commerce projektech a získávání implicitní zpětné vazby.Oproti jiným 

publikovaným pracem jsme se zaměřili na modelování vícero různých indikátorů 

zpětné vazby a navrhli jsme několik metod učení uživatelské preference na základě 

těchto indikátorů. Další části disertační práce se zaměřují na specifické problémy 

doporučování na malých e-commerce portálech: výběr doporučovacích algoritmů, 

používání externích datových zdrojů atd. Navrhované modely, metody I algoritmy 

byly porovnávány v off-line experimentech na reálných datasetech i v on-line 

experimentech za ostrého provozu. 

Klíčová slova: doporučovací systémy, implicitní zpětná vazba, učení uživatelské 

preference, e-commerce 

 

 

 

Title: Recommender systems - models, methods, experiments 

Author: Ladislav Peška 

Department / Institute: Department of Software Engineering  

Supervisor of the doctoral thesis:  

                       prof. RNDr. Peter Vojtáš, Dr.Sc., Department of Software Engineering 

Abstract: This thesis investigates the area of preference learning and recommender 

systems. We concentrated recommending on small e-commerce vendors and efficient 

usage of implicit feedback. In contrast to the most published studies, we focused on 

investigating multiple diverse implicit indicators of user preference and substantial 

part of the thesis aims on defining implicit feedback, models of its combination and 

aggregation and also algorithms employing them in preference learning and 

recommending tasks. Furthermore, a part of the thesis focuses on other challenges of 

deploying recommender systems on small e-commerce vendors such as which 

recommending algorithms should be used or how to employ third party data in order 

to improve recommendations. The proposed models, methods and algorithms were 

evaluated in both off-line and on-line experiments on real world datasets and on real 

e-commerce vendors respectively. Datasets are included to the thesis for the sake of 

validation and further research. 

Keywords: Recommender Systems, Implicit Feedback, User Preference Learning,  

E-commerce

https://is.cuni.cz/studium/dipl_st/index.php?id=e6227f40dd304c5e1cb4cacec1cdf0a0&tid=&do=main&doo=detail&did=108155


 

i 

 

 

Abstract 

This thesis investigates the area of preference learning and recommender systems. 

We initially concentrated on applicability of recommender systems for small e-

commerce vendors. The target domain has several specifics, where the most significant 

is almost complete absence of explicit feedback (e.g. user rating). This fact leads us to 

focus deeply on models of user preference based solely on the implicit feedback data 

(also known as user behavior). The paradigm of learning preferences from implicit 

feedback is to understand how does the user behave if he/she prefers some objects and 

distinguish such behavior from behavior on unpreferred objects.  

In contrast to the most published studies, we focused on investigating multiple 

diverse implicit indicators of user preference. Substantial portion of the thesis aims to 

define implicit feedback, propose models of its combination and aggregation and also 

algorithms employing implicit feedback in preference learning and recommendations. 

Furthermore, a part of the thesis focuses on other challenges of deploying 

recommender systems on small e-commerce vendors such as the choice of 

recommending algorithms or usage of third party data. 

The proposed models, methods and algorithms were evaluated in both off-line and 

on-line experiments on real world e-commerce datasets and during full operation. 

This work brings several main contributions: 

- Defining relevant implicit behavior patterns for small e-commerce vendors. 

- Proposing software component tracing these behavior patterns, deployable also 

on various e-commerce vendors. 

- Proposing novel models and methods of learning user preference from implicit 

behavior patterns. 

- Proposing novel recommending algorithms using these models in 

recommendation tasks. 

- Off-line and on-line experiments evaluating proposed models, methods and 

algorithms. 

- Datasets of traced behavior available for further research.  
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1 Introduction 

1.1 Motivation 

We face continuous growth of information on the web. The volume of products, 

services, offers or user-generated content rise every day and the amount of data on the 

web is virtually impossible to process directly by a human.  Automation of web content 

processing is necessary.  

Various tools ranging from keyword search engines to domain-specific parameter 

search or faceted browsers were designed to help users to complete their tasks. 

Although such tools are definitely useful, users must be able to provide detailed 

specification of what they want.  

Recommender systems are complementary to the mentioned tools. Its aim is to learn 

specific preferences of each distinct user and then present them surprising, unknown, 

but interesting and relevant items. Users don’t have to specify their preferences directly 

as the preferences are inferred from their behavior. If properly deployed and tuned, 

recommender systems can improve user’s perception of the system measurable in terms 

of user’s satisfaction, tasks completion rate, user loyalty etc. These improvements also 

affects website success metrics such as purchase rate, click through rate or subscribers 

loyalty. 

Although recommender systems are both an important commercial application and 

a popular research topic, there are still numerous research challenges related to e.g. 

recommending for specific domains, interpretation of user behavior, effect of context 

or connecting multiple information sources. 

1.1.1 Small E-Commerce Websites 

We dedicated most of the thesis to the unique challenges of recommending on small 

or medium-sized e-commerce vendors. Our target domain differs significantly from 

both large e-commerce sites with dominant market share and also from recommending 

on other types of websites e.g. multimedia portals or social networks. 

The competition on small e-commerce sites is usually very high, so users tend to be 

not very loyal, they visit multiple sites, comparing offers and do not want to provide 

any data about themselves (register or rate products). Majority of the traffic goes from 
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a search engine and lands on a specific product. Even if a user is trying to search for a 

product within the website, he/she usually spends at most a few minutes going through 

the objects and comparing them. There might be some historical data from his/her 

previous visits, but usually not too much.  Mostly, there are neither registration 

information available, nor previous purchases. So it is necessary to deal with 

personalization and recommendation for a non-registered user based on very little 

feedback provided only seconds ago. 

Furthermore some e-commerce domains lays other specific requirements. For 

example for domains such as tours, home appliances, cars etc. frequency of purchases 

made by a single user is very low, often only once per year or less. This fact makes it 

difficult to track the user between two consecutive purchases and forces us to focus 

only on current purchasing session. Finishing purchase (e.g. of a laptop or a kitchen 

appliances) could make user unwilling to buy another product of the same type (but on 

the other hand susceptible to the offers of related products). Another interesting 

challenge is limited availability of products in auction servers, real estates or used 

goods vendors. The limited availability itself reduces applicability of popularity based 

and collaborative recommendations as each object can be purchased only once or very 

few times.  

1.2 Challenges 

There are several challenges preventing effective deployment of recommender 

systems on small e-commerce vendors. The common denominator of main challenges 

is data sparsity. First of all, explicit feedback, which is quite popular in multimedia 

domains, is very scares or virtually missing on many small e-commerce. Also users of 

such websites tends to be not very loyal, often visits only a small number of objects 

and also do not return very much. These challenges prevents us from using state of the 

art approaches such as matrix factorization, popular on other domains. 

There are also other challenges such as insufficient content description, life cycle of 

e-commerce objects or change of user preferences over time, some of them addressed 

by this thesis. 

Our solution comprises from using maximal available amount of implicit feedback, 

using recommending algorithms capable to learn from small samples and employing 

content enrichments. 
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1.3 Main Contributions 

Our aim in general is to work towards disclosing concepts of user’s preferences, 

recommender systems and personalization also for small or medium-sized e-commerce 

enterprises and making these concepts available for deployment on its websites. This 

is only possible if enterprise executives will be convinced about effectiveness of these 

techniques and there will be suitable ready to use software deployable on the current 

websites.  

There are four areas of contributions specific for this thesis: implicit feedback, 

recommender systems, datasets and experiments 

Contributions based on using implicit feedback 

 Design a throughout model of implicit user feedback. The model considers 

specifics of human-computer interaction in e-commerce and proposes 

collecting multiple types of user actions, based on commonly available 

interaction devices. 

 Develop software IPIget for tracing and storing implicit feedback. IPIget 

was presented in [79] and it is capable to collect various types of feedback 

as described in Section 3.5. Furthermore it is a freeware tool reusable on 

other projects. It is easily extendible and deployable on various e-commerce 

websites without necessity of major site changes. The IPIget component is 

described in 9.1. We also developed UPComp recommending component 

[72] capable to internally handle multiple types of feedback collected e.g. by 

IPIget. The UPComp is described in Section 9.2. 

 Improving state of the art implicit feedback interpretation as follows: 

proposing, implementing and evaluating three classes methods of implicit 

feedback interpretation: 

o Methods learning two-step preferential model: first “local” 

preferences based on a single type of feedback and then its 

combination.   

o In both local and combination methods we also address a problem of 

deriving negative preference based on implicit only feedback. 

Inferring negative preference from implicit feedback is quite 
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emerging topic as the implicit feedback is still considered as positive 

only by some researchers. 

o Methods learning preference relations from implicit feedback. By 

proposing implicit preference relations we intend to go beyond just 

learning user rating and derive additional knowledge using the 

context of the available choice. 

The methods for local preference learning were proposed foremost in [85 

and 50], methods for preferences combination were proposed foremost in 

[73, 74, 75, 80]. Methods learning negative user preference from implicit-

only feedback were described in [78] and [81], finally a method for learning 

implicit preference relations was proposed in [86]. All proposed methods are 

described in Chapter 4. 

Contributions based on Recommender Systems 

 Our experiments (e.g. [77, 82, 86], 8.1.7) corroborated that using content-

based or hybrid recommending algorithms produces better results on small 

e-commerce websites than collaborative filtering. 

 In content enrichment task (see Chapter 5) we proposed a framework for 

content enrichment based on linked open data. In the experiments, we 

focused mostly on the books domain. Our publications [77, 84] address the 

problem of limited coverage and coverage vs. precision tradeoff and usage 

of data from multiple language editions of the same source (e.g. language 

editions of DBPedia) in [83, 84]. 

 In the thesis we also address the need of list diversity and bulk offer diversity 

and propose post-filtering algorithms improving recommendations with 

respect to those features (Sections 6.7, 6.8). Especially the bulk offer 

diversity and its application proposed in [61] was to the best of our 

knowledge not mentioned beforehand. 

Datasets of user behavior in e-commerce. The thesis contains two datasets 

collected on real-world e-commerce, which are unique in collecting multiple types 

of user behavior. Also the e-commerce datasets in general are very rare. Both 

datasets are available for research purposes as long as the privacy of the users is 

concealed and the dataset aren’t used as a competitive advantage against the 
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vendors. We provide several versions of the datasets varying in duration of 

collection, volumes of interactions and types of collected behavior. We also provide 

some content-based attributes of the objects. Datasets are described in detail in 

Sections 7.2 and 7.3. Furthermore section 7.4 contains another three datasets based 

on the recommending challenges and extended by the authors of this thesis. 

Off-line and on-line experiments. The experiments were held mostly on two e-

commerce vendors and corroborate competitiveness of proposed learning methods 

and recommending algorithms against state of the art solutions. The experiments are 

described in detail in Chapter 8. 

1.4 Notation 

The following notation will be used in the thesis. We reserve usage of some letters 

with following meaning.  We denote users of the system as U {u1,…,un} and objects O: 

{o1,…,om} (we will use also words items and products with the same meaning). 

Furthermore items are composed of various (domain dependent) attributes A {a1,…,aj} 

with domain 𝐷𝑎𝑖
. Between users and items can be measured various interactions = user 

feedback F. We will further distinguish various types of feedback defined in section 

3.2 – the detailed notation is described there.  

We reserve words rating, user rating or user preference and the letter r for the 

golden standard of each dataset. This is most often either explicit rating of the user on 

a likert scale or implicit indicator whether user bought the product. The rating of user 

u on object o is ru,o. If the user rating is learned directly from other types of feedback 

user u provided on object o, we will denote it as inferred rating �̅�𝑢,𝑜. If we predict user 

rating on an unknown (not yet visited) pair of user u, object o’, we denote it as �̂�𝑢,o’. 

Mathematical equations are used throughout the thesis. We will use common 

mathematical operators such as sums, intervals, matrices etc. without explicit 

definition. If a term in a formula needs to be specified, we use subscripts (e.g. rating of 

user u to object o is 𝑟𝑢,𝑜). Formulas are either displayed inline, or (if they are crucial or 

linked from other parts of the text) displayed on separate line and numbered in round 

brackets (see the function definition below).  

If a function is defined, we describe its input and output as follows:  
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 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛_𝑛𝑎𝑚𝑒(𝐼𝑛𝑝𝑢𝑡1, … , 𝐼𝑛𝑝𝑢𝑡𝑘) → 𝑜𝑢𝑡𝑝𝑢𝑡 (1) 

 

Depending on the current context, we will either display range and domain of the 

function (2), (3) or its actual parameters (4).  

 𝑔(𝐷𝑓1
, … , 𝐷𝑓𝑘

) → [0,1] (2) 

 @([0,1]𝑘) → [0,1] (3) 

 𝑔(𝑓1, … , 𝑓𝑘) → �̅� (4) 

Relations and database tables are displayed in a similar way as functions: 

𝑇𝑎𝑏𝑙𝑒_𝑛𝑎𝑚𝑒(𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒1, … , 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑗).  

Algorithms are formatted in monospaced font and written in a C-style pseudocode 

(curly brackets {} delimits blocks of code, return for output value, array indices 

are in brackets [], /*comments are indicated via slash-star, 

star-slash notation*/). We also number each line to be used in algorithm 

description (see the example in Algorithm 1). 

Algorithm 1: This algorithm describes an Example function with two parameters (line 1). The 

function is defined on lines 1-5 and returns a sum of fields in array d_array. Some trivial 

procedures are not written explicitly, but merely described in the comment (line 4). 

1 function Example(param_1, param_2){ 

2    d_array[] = param_1; /*add new record to the array*/ 

3    d_array[] = param_2; 

4    return sum(d_array); /*sum all values of an array*/ 

5 } 

If any new reserved word or term is defined throughout the thesis, it is formatted as 

italic (bold italic, if we consider it as a key term). Formal definitions are introduced via 

“Definition” captions. 

1.5 Basic Concepts 

In this section we would like to provide description of several basic concepts, which 

will be used throughout the rest of the thesis. Some of the concepts might have multiple 

meaning, in that case we provide only the one used in the thesis. 

1.5.1 E-Commerce 

E-commerce is a type of website focusing primarily on selling products or services 

(further denoted as objects) to the customers (further denoted as users). It usually 
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provides graphical user interface (GUI) to search or browse objects, to show its detailed 

description and to buy them. Some of the well-known e-commerce vendors are 

Amazon1 or E-Bay2. 

1.5.2 Objects 

We denote object as a basic unit of item or service, which can be sold on an e-

commerce portal. Objects are uniquely identifiable within each e-commerce vendor 

and vendors usually describe its objects by a set of Object Attributes. Each vendor 

defines its own vector of attributes and those can differ for various groups of objects 

(e.g. different sets of attributes for keyboards and monitors). Among the most common 

attributes are name, price or textual description. Some of the attributes (e.g. price) 

might change over time. 

1.5.3 Users 

We understand users as individuals visiting specified e-commerce portal. Users are 

identified by login information, or implicitly e.g. via a cookie. Vendor might also 

collect user attributes, e.g. location or social connections. 

1.5.4 User Feedback 

During the visit, user might provide feedback about his/her “opinion” or 

“preference” on objects and/or other parts of e-commerce websites. The feedback is 

either given explicitly through a designated GUI, or learned from user behavior. 

1.5.5 User Behavior Patterns 

We understand user behavior as a series of actions user made during his/her visit. 

Some specific patterns on user actions can be defined and traced, resulting into multiple 

types of traced user behavior. We provide more formal definitions in Section 3.2, 

however some examples of user behavior types are tracking mouse movement, 

scrolling, selecting/copying text etc. 

1.5.6 User Preference 

We suppose that during his/her visits, or prior to it, user develops some positive or 

negative affinity to some objects or features of the website. Whether it is liking or 

                                                 
1 Amazon.com 
2 E-bay.com 



 

8 

 

disliking certain movie, willingness to buy certain product or interest in reading some 

news articles, we would denote such relation as user preference or rating. Unless 

otherwise specified we will also use the term relevance and relevant objects in the 

meaning objects preferred by the user. 

1.5.7 Context 

Context is defined as any circumstances which may affect user behavior. Among 

the common considered context variables are e.g. time of a day or current user location. 

1.5.8 Recommender System 

Recommender System is a software tool or component. It applies machine learning 

algorithms to propose some objects to the users based on user preference and 

eventually also other information (object attributes, user attributes, context etc.). The 

common practice is that in a designated area of the page, recommender system delivers 

an ordered list of recommended objects, which is displayed to the user. 

1.5.9 Server-Side Scripting 

Server-Side Scripting is a web-development technique involving running a script on 

a web server, which produces a response (web page) to a specific request. The most 

common server-side scripting language used for web development is PHP3. 

1.5.10 Client-Side Scripting 

Client-Side Scripting involves running a script in a web browser. Compared to the 

server-side, client-side scripting has also access to the events triggered by the user 

during his/her visit of a web page. JavaScript4 is one of the most recognized client-side 

scripting languages. 

1.6 Organization of the Thesis 

The rest of this thesis is organized as follows. We provide an analysis of related 

work in Chapter 2. Chapter 3 focus on defining and collecting implicit feedback. 

Chapter 4 describes models and methods learning from implicit feedback and Chapter 

5 focus on employing external sources of data on small e-commerce vendors. Chapters 

6 and 7 describe recommending algorithms and datasets used in experiments and 

                                                 
3 Php.net 
4 W3schools.com/js 
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Chapter 8 describes evaluation procedures and results of the experiments. Finally, 

Chapter 8.3 describes two independently applicable software tools created during the 

work on this thesis and Chapter 10 provides some conclusion remarks and point out 

our future work. 
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2 Related Work and Business Understanding 

2.1 Introduction 

In this chapter, we will overview some of the work related to the area of 

recommender systems for small e-commerce vendors. The main aim of this chapter is 

to set our work into the context of other possible research directions and to summarize 

state of the art and best practices for e-commerce and recommender systems.  

Two major sections of the related work focus on models of user feedback (2.2) and 

recommending algorithms (2.4). We also provide some references on the work in the 

area of recommending in e-commerce, usage of external datasets and fuzzy systems 

(2.5, 2.6, 2.7). We will list some available software tools in 2.8 and finally we set the 

work on this thesis into the context of web semantization project (2.9). 

2.2 User Feedback 

Modelling user preferences is the primary task and source of information for all 

recommender systems. The key input for models of user preferences is user feedback. 

According to the conventional usage (Kelly and Teevan, [47]), the feedback can be 

divided into two groups: explicit and implicit.  

 

Figure 1: Examples of GUI for collecting explicit preferences A: Ten point Likert scale with 

additional information (source: imdb.com). B: Two point Likert scale (source: youtube.com). 

C: Binary preference relations to compare dating service profiles (source: xchat.cz).  

The explicit feedback is information intentionally provided by the user in order to 

express his/her feelings. The most common type of explicit feedback is user rating 
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expressed on a likert or rating scale. Common scale range varies from 1 (like only) up 

to 10, five point rating scale is often used to rate products in e-commerce. Depending 

on the provided GUI, there might be also other forms of providing explicit feedback 

e.g. explicit comparison of two objects. Explicit feedback is collected via dedicated 

GUI, see Figure 1 for some examples.  

The implicit feedback is defined in a fuzzier way as user behavior (committed 

without the intention to provide feedback) which can be interpreted as user preference. 

We provide definition of (our understanding of) implicit feedback in Section 3.2. The 

set of relevant behavior types might be domain or even website specific and is a subject 

of current research. Nonetheless some examples of implicit feedback used in the 

literature are number of visits, time spent on page (dwell time, Yi et al. [104]), amount 

of scrolling (Claypool et al. [11]), purchases in e-commerce (Lerche and Jannach, [57]) 

or playcounts in multimedia (Jawaheer et al. [41]). 

The borderline between implicit and explicit preference was not defined rigorously. 

The key assumption of the explicit feedback is the intention of the user to provide or 

publish the feedback. User is aware that the following action express his/her preference 

and often user have to change his/her normal behavior in order to provide feedback (i.e. 

he/she has to click on like button, star image etc.). From this point of view, e.g. buying 

a product lies near the borderline between implicit and explicit feedback. We consider 

it as an implicit feedback as the primary user goal was not providing feedback, but the 

purchase itself.  

The specific type of feedback is keyword or attributes search, which is sometimes 

(Eckhardt and Vojtas, [25]) distinguished as direct preferences. The user expresses 

his/her preference via designated GUI, however without the intention to publish it.  

Given the nature of both implicit and explicit feedback, one can easily identify its 

common (dis)advantages. Explicit feedback is generally easier to interpret and less 

noisy, however it can be difficult to receive it in enough quantities (Hu et al. [40]). 

Users need to be motivated (or forced) to provide it. On the other hand, we can receive 

implicit feedback from any interaction between the user and the system, however its 

interpretation might be quite challenging and informative value is not optimal.  
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2.2.1 Implicit Feedback 

Contrary to the explicit feedback, usage of implicit feedback requires no additional 

effort from the user of the system. Monitoring implicit feedback varies from simple 

user visit or play counts (in multimedia domains) to more sophisticated ones like 

scrolling or mouse movement tracking (Lai et al. [55]). Due to its effortlessness, data 

are obtained in much larger quantities for each user. On the other hand, implicit 

feedback is believed to be inherently noisy and hard to interpret (Hu et al. [40]).  

Our work lies a bit further from the mainstream of the implicit feedback research. 

To our best knowledge, the vast majority of researchers focus on interpreting single 

type of implicit feedback (e.g. Cremonesi et al. [12]), proposing various latent factor 

models (e.g. Hu et al. [40], Rendle et al. [91]), its adjustments (e.g. Hidasi and Tikk, 

[37]) or focusing on other aspects of recommendations using implicit feedback based 

datasets e.g. Baltrunas and Amatriain [3], or Raman et al. [89]. Also papers using binary 

implicit feedback derived from explicit user rating are quite common (Ostuni et al. 

[68]). There were also several studies comparing implicit and explicit feedback, e.g. 

Parra and Amatriain [69], or Jawaheer et al. [41].  

2.2.1.1 Different Indicators of Implicit Feedback 

To the best of our knowledge, most of the researchers did not consider which user 

actions could serve as implicit feedback. We believe this is mainly caused by the 

underlined datasets or websites, where the available properties are given and 

researchers cannot define and observe their own set of user actions. Our situation is 

different at this point, so we spent a portion of our research in defining and evaluating 

various sets of implicit preference indicators.  

We would like to analyze some related work according to the used indicators of 

implicit feedback. One of the first papers mentioning implicit feedback was Claypool 

et al. [11] comparing several implicit preference indicators against explicit user rating 

on a modified web browser. Authors conducted user study on an open web and 

collected dwell time, scrolling and mouse clicks indicators as well as explicit rating of 

each visited page and reported on positive correlation between explicit and implicit 

indicators.  

From the more recent work, Holub and Bielikova [38] defined three implicit 

indicators of user interest (dwell time, scrolling and print) to recommend pages on a 
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faculty website. Yang et al. [103] analyzed explicit/implicit plays and skips, play 

completion and events related to playlist creation on YouTube. Authors described both 

positive and negative behavior patterns and proposed linear model to combine them. 

Lerche and Jannach [57] considered several implicit user interactions on e-commerce 

such as viewing object detail, adding to wishlist or cart and purchase completion and 

used altered BPR method (Rendle et al. [91]) to derive recommendations, however the 

proposed BPR++ algorithm did not distinguish between types of interaction. Lai et al. 

[55] work on RSS feed recommender utilizes multiple reading-related user actions. Yi 

et al. [104] proposed using dwell time (both received directly from client-side scripts 

and its approximation from log files), claiming that it improves results over simple page 

views. Some authors on the other hand discourage usage of dwell time (Kelly and 

Belkin [45]), because their study shows great variance between tested users as well as 

between different tasks of the same user. One way to deal with this variance is to 

consider implicit feedback in context of the webpage properties. Compared to the 

mentioned works, our aim was to have more complete picture of the user behavior. 

Thus we defined and traced larger set of indicators (see 3.5) and focused rather on their 

interpretation and combination than on underlined recommending algorithms. 

Models of implicit user behavior are common also in related areas of information 

retrieval. For instance Shen et al. [98] used context of previous queries, results and 

already seen documents to determine current user information need. Also Joachims and 

Radlinski [42] defined implicit preference relations on search engine results based on 

click through data and previously conducted eye-tracking study. 

The starting point towards our proposal of traced implicit preference indicators (see 

3.5) was the theoretical work of Oard and Kim [67]. Authors proposed almost twenty 

indicators distinguished according to minimal scope and user tasks. Indicators 

proposed by Oard and Kim were considered from two perspectives: 

 Whether is the indicator collectable via client-side or server-side scripting. 

 Whether is the indicator observable through common e-commerce GUI. 

We also added several variants of indicators proposed on previously mentioned 

related works, as long as they were observable on e-commerce. 
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2.2.1.2 Negative Implicit Feedback 

One of the often mentioned drawbacks of implicit feedback is the lack of 

expressivity for negative user preference. The problem was mentioned e.g. in Hu et al. 

[40], proposing any existing implicit feedback to be considered as positive (with 

varying confidence levels) and absence of the feedback to be considered as negative 

(with very low confidence).  

Other authors disagreed with such considerations, e.g. Parra et al. [70] based their 

work on expectation, that low level of implicit feedback (playcounts in last.fm) induces 

negative preference and proposed mixed effects ordinal logistic regression model on 

estimating user rating based on the level of implicit feedback. Holub and Bielikova [38] 

divided values of implicit feedback features into three bins: low, medium and high 

feedback based on the average consumption. These bins induced negative, neutral and 

positive feedback. This approach is similar to our Local Negative User Preference 

model (section 4.5.2), however we used smooth transformation of implicit feedback 

value into [-1,1] interval and smooth aggregation of different feedback types as well. 

Different approach was proposed by Yang et al. [103] and Lee and Brusilovsky [56], 

both considering some specific behavior patterns to induce negative preference.  

Considering specific behavior as evidence of negative preference is also a working 

principle of our model of negative preference from visible & ignored behavior (section 

4.5.1), although the considered behavior patterns are different compared to the 

mentioned works. 

2.2.1.3 Preference Relations 

In the area of preference relations, methods focus on comparing two objects, 

forming partial ordering OA >rel OB. We were able to trace several works proposing 

recommender system based on preference relations. Fang et al. [27] used click-through 

data from nano-HUB and proposed a latent pairwise preference learning approach. 

Deskar et al. [16] proposed matrix factorization based on preference relations from 

explicit user feedback. Also BPR MF algorithm (Rendle et al. [91]) is trained from 

preference relations.  

Nonetheless all mentioned approaches proposed some collaborative filtering (CF) 

algorithm to utilize preference relations, which is not very suitable for small e-

commerce portals due to very high data sparsity. Our approach on Implicit Preference 
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Relations (see 4.4) utilizes content-based object similarity to derive recommended 

objects instead. 

Preference relations were examined also in a related area of search engines. 

Radlinski and Joachims [88] based their user model on observing which results (of a 

search query) were clicked and which were ignored. Authors also took into account 

rank of the objects in the results and previous queries and defined six behavior patterns 

forming preferential relations. We brought the idea of creating relations between 

clicked and ignored objects from this paper. 

Fang et al. [27] also mentioned an observation that the position of an object in the 

list affects the likelihood of being clicked by the user (the bottom of the list is often not 

evaluated at all). Authors suggested creating relations between clicked objects and 

objects appeared on the better positions. Similar observation was done by Radlinski 

and Joachims [88] in a user study incorporating eye-tracking experiment over search 

results. Authors were able to estimate probability that each position in the search result 

was viewed as well as which positions were also viewed if user clicked on an item on 

certain position. We could not use such straightforward observations in our work, 

because the presentation layout is not so stable in recommender systems compared to 

the search engines. Recommended items are displayed on various positions within the 

webpage, often below the initially visible area. Furthermore a grid layout is often used 

rather than a simple list. Thus we introduced a concept of noticeability (4.4.2) as a 

proxy to the real level of user evaluation. 

2.2.2 Technological Aspects of Collecting Feedback  

In this section we would like to address the problem of tracing user behavior. There 

are several technical options how to trace user and his/her behavior, all introducing 

certain drawbacks and advantages: 

 Tracing user behavior via server-side script or e.g. by usage-log analysis. 

 Tracing user behavior via client-side scripting. 

 Tracing user behavior via browser plugin or adapted software. 

 Tracing user behavior via special hardware. 

The rest of this section describes each of the listed approaches. To summarize the 

differences, while going down through the list, we are extending the set of traceable 

user actions, at the cost of decreasing total number of users we can trace. In our opinion, 
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only first two methods are suitable for tracing users on real-world e-commerce 

websites, the latter two approaches are suitable for controlled user studies. Some other 

authors aimed to provide division of technological solutions for feedback collection 

too, e.g. Gauch et al. [32]. However authors focused mostly on mining web-wide user 

profiles and thus on solutions, where cooperation with the website is not possible. Our 

intention is to collect preferential information from a cooperating website, thus both 

approaches are skewed differently. Browser Cache, Browser Agents and Desktop 

Agents categories as proposed by Gauch et al. can be incorporated into category 2.2.2.3 

as proposed in this thesis. On the other hand Gauch et al. did not explicitly mention 

usage of client-side scripting (although it can be incorporated in Proxy Servers 

category), which is crucial for our proposed approach. 

2.2.2.1 Tracing User Behavior via Server-Side Scripting 

Server-side scripts or logfiles are used to collect user feedback e.g. in Mobasher 63, 

or Desyaputri et al. [17]. In general, using purely server-side scripting or analysis of 

log files for collecting user feedback has one sewer limitation – that is its ability to 

observe only a highly restricted set of user actions. Server-side script receives merely 

a request for a webpage content, possibly accompanied with some variables or form 

field values. It is possible to count how many times each page was displayed. Also, if 

the system is designed accordingly, some passed variables might contain links to 

previously displayed pages, so the exact clickstream can be reconstructed as shown on 

Figure 2.  

 

Figure 2: Illustrative example of server-side scripting capabilities to collect user feedback. 

We can observe clickstream (if the page requests are properly modified) or series of requests, 

it is possible to compute approximate dwell time and analyze input forms. 
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We can analyze form fields and obtain some non-numeric features (e.g. searched 

text etc.) and it is also possible to use the approach of Yi et al. [104] to approximately 

measure dwell time on each webpage by analyzing series of user requests.  

The main advantage of tracing behavior via server-side scripting is its inviolability. 

User has no option to cancel the collection (unless we provide him/her with an interface 

to do so). There is also no traceable information left behind, so user is not aware of the 

feedback collection and thus probably wouldn’t try to forge it.  

2.2.2.2 Tracing User Behavior via Client-Side Scripting 

Client-side scripting (e.g. JavaScript) provides vast variety of observable user 

actions compared to the server-side scripting. Most of the actions doable via common 

input devices (mouse, keyboard) triggers some JavaScript event, which can be traced 

and further processed. To be more concrete, it is possible to trace mouse cursor, 

position of scrollbars, whether the page is focused or not, interaction with active GUI 

components (links, form fields, buttons etc.) or e.g. whether user mark up or copy some 

parts of the page. It is possible to deploy scripting directly (Yang et al. [103]), or use 

some adaptive proxy server (Holub and Bielikova [38]). 

There are also several drawbacks, going in line with drawbacks of using client-side 

scripting in general. First of all, users can manually turn off execution of client-side 

scripts. Although this is not an often case nowadays, we cannot expect to receive data 

from 100% of users. Also the support for client-side scripting languages varies across 

different browsers, thus some user actions might not be traceable on some browsers.  

Furthermore the feedback is observed locally and thus must be sent to some 

persistent storage typically located on a server. This process is observable in the 

majority of browsers (although users are not noticed by default), so users might get to 

know that they are monitored. This fact might affect their trust and satisfaction; some 

users might even try to forge the data in order to distort the evaluation. 

2.2.2.3 Tracing User Behavior via Browser Plugin 

Browser plugins are common means to extend browser capabilities and are widely 

used for various purposes.  The approach using modified browser or browser plugin to 

collect user preferences was employed e.g. by Claypool et al. [11] or Lai et al. [55]. By 

using browser plugin, one would get access also to some browser features (e.g. text 

searched on page or bookmarking page) which is not accessible by client-side scripting 
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(see the illustrative example on Figure 3). However the main difference between client-

side scripting and using browser plugin is that browser plugin needs to be installed 

intentionally by user. Users usually perform this only if they are aware of its function 

and benefits. Thus it is impractical to use browser plugins for recommendation on a 

single website, especially small e-commerce sites.  

 
Figure 3: Client-side scripting vs. Browser plugins. Generally spoken, client-side scripting is 

able to trace only events made within the current webpage. Browser plugins have access also 

to the „frame“ e.g. browser search window. Figure illustrates capabilities of client-side 

scripting (a) and further options for browser plugin (b). 

On the other hand, browser plugin can collect user behavior throughout all visited 

websites and thus can be useful for web-wide recommendations e.g. used together with 

a modified search engine (Joachims and Radlinski [42]). Another option is to use 

browser plugins in user studies, where using the plugin is compulsory to complete the 

study. 

2.2.2.4 Tracing User Behavior via Special Hardware 

Collecting user behavior by some specialized hardware can be traced in the literature 

(e.g. eye-tracking system Radlinski and Joachims [88]). Its advantages and 
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disadvantages are pretty much obvious as the hardware can derive very precise 

feedback on the level of physiological responses (e.g. eye tracking heatmap, heart rate 

etc.), however the need of special equipment reduces its applicability merely to some 

user studies. Although there is no direct applicability for recommending on e-

commerce, tracing user behavior via specialized hardware can be used to determine 

optimal combination of user actions or correlation between physiological response and 

behavioral patterns observable through other tracing methods. 

In this thesis, we focus on collecting feedback via client-side scripting, which can 

be generally recommended as the best practice for collecting user feedback on a single 

cooperating website. There is no need for user cooperation (which will discourage most 

of the users) and still quite a rich variety of observable user behavior. Server-side 

collecting is an option either if we record substantial amount of missing or forged 

behavior data, or if the detailed behavior data is not necessary for the given task. 

2.3 User Identification 

Although user identification is not the subject of a research in this thesis, it affects 

construction of user profiles and thus is worth mentioning. Gauch et al. [32] listed 

several options of user identification. These are: 

- Software agents 

- Onsite login 

- Proxy server registration 

- Cookies 

- Session ID 

 The methods are roughly ordered from more accurate, but also more invasive and 

requiring more user cooperation. Out of the proposed solutions, we are not aware of 

any e-commerce vendor using software agents or proxy server registration.  

Users of small e-commerce portals furthermore tends to be reluctant to sign up or 

log in unless they are forced to. Even large e-commerce vendors do not require users 

to login in order to browse products (Belluf et al. [4]). Although a user provides some 

personal data during the purchase process, he/she probably won’t login during his/her 

next visit simply because there is no advantage in doing so. This observation might 

change for large providers with dominant market share that often aims to increase user 



 

20 

 

loyalty e.g. by providing discounts or special offers to the logged users5. Without such 

incentives, we mostly need to deal with identifying unregistered users.  

We consider using cookies as superior to using only session id as it can track user 

in long term. However it is necessary to know the limitations of this approach. Cookies 

identify combination of device and browser, however one user can use multiple devices 

or browsers as well as one device can be used by more users (e.g. members of a family). 

Also a cookie can be manually deleted by the user. 

Probably the best possible option is to match previous user behavior (identified by 

a cookie) with personal data filled in during a purchase and possibly match them with 

other purchases (and related behavior) of the same person on different devices based 

on the personal data (Belluf et al. [4]). 

2.4 Recommending Algorithms 

In general, the task of recommender systems is to propose a list of objects to the user 

via designated GUI. Recommending algorithms selects the list of proposed objects 

either by rating or ranking them. In rating task, algorithms compute rating �̂�𝑢,𝑜 ∈ [0,1] 

for each object 𝑜. Conventionally, the best rated objects are proposed. In ranking task 

algorithms learn some ordering <�̂�, proposing top objects according to the ordering. 

In order to produce ratings or ordering, recommending algorithms uses mostly 

following information. 

- User Feedback or model of User Preference 

- Content-based information about objects or users 

- Domain knowledge 

- Context of the user 

Recommending algorithms can be divided into several classes according to the 

information actually used in predictions. According to the convenient usage, we divide 

recommending algorithms into collaborative, content-based and hybrid (Adamovicus 

and Thuzin [1]). 

- Collaborative-filtering (CF) algorithms use feedback of all users to provide 

recommendations and do not employ content features of objects or users.  

                                                 
5 We can mention e.g. Booking.com (as in August 2015), where logged users receives special 

discounted offers otherwise unavailable. 
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- Content-based (CB) algorithms use only feedback of the current user, but 

employs also content-based features of objects or users.  

- Hybrid algorithms combine both content-based and collaborative approaches.  

We can also distinguish Non-personalized recommenders as a special subclass of all 

previously mentioned algorithms. Non-personalized recommenders do not consider 

preferences of a specific user, but rather aggregated preferences of all. The 

recommendation thus  does not differ between different users with the same current 

context.  

The usage of context (context aware recommending algorithms, CARS) is also 

orthogonal to the previously mentioned classes.  

In the following subsections, we aim on describing in more detail some 

recommending algorithms used in this thesis’ experiments. We will also provide some 

references to other possible approaches. 

2.4.1 Collaborative Filtering 

Collaborative-filtering (CF) algorithms, specifically various latent factor models are 

currently the main-stream of the recommender system research. CF in its most 

straightforward implementation aims to find similar users in terms of similar behavior 

on mutually visited objects and then recommend objects that similar users found 

interesting. One of the sewer limitations of all CF algorithms is called Cold Start 

Problem (CSP). Algorithms cannot reliably compute user preferences or similar users 

either if current user did not yet provide enough interactions (this impacts both CB and 

CF algorithms), or if there are not enough users in general, thus it might be difficult to 

find similar users based on interactions (e.g. no other user visited the same object as 

the current user did). Similarly, CF algorithms would also have problems with 

recommending new objects without any user interactions yet. 

2.4.1.1 User Based K-Nearest Neighbors 

User based K-Nearest Neighbors (User KNN) was one of the first approaches on 

using collaborative filtering for deriving recommendations (Resnick et al. [92]). The 

method first computes K nearest users to the current one based on the similarity of 

ratings on mutually visited objects. Then the algorithm recommends other objects rated 

well by the similar users. Exact versions of the algorithm differ in user similarity 
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metrics and rating aggregation. We use User KNN as described by Bogers and Bosch 

[8] (cosine similarity, weighted sum) in some of our early experiments. 

2.4.1.2 Item Based K-Nearest Neighbors 

Item Based K-Nearest Neighbors (Item KNN) is similar approach to User KNN 

introduced mainly to cope with scalability issues. As stated by Sarwar et al. [95], User 

KNN main challenges are feedback sparsity and scalability on large datasets. Time 

complexity of User KNN rises with both volumes of users and items.  

Item KNN first computes item similarities based on the user ratings and then 

predicts user ratings based on the items similar to the ones previously visited or 

purchased by the user. Sarwar et al. [95] suggests using model-based approach, where 

item similarities are computed offline, only the most similar items are stored and only 

the prediction step is evaluated in real-time. Model-based Item KNN approaches are 

more convenient for e-commerce websites, as the set of similar items is much more 

stable compared to the set of similar users. Linden et al. [59] also stated that the same 

approach was used on Amazon.com website to recommend co-purchased items. 

Model-based Item KNN approach with daily updated cosine-based item similarity, top-

50 most similar items stored and weighted sum rating prediction as described by Sarwar 

et al. was used in some of our early experiments. We differ from Sarwar et al.  by using 

implicit feedback instead of user rating and from Linden et al. by including all visited 

objects, not just purchased ones due to the data sparsity. 

2.4.1.3 Latent Factor Models 

Latent factor models of users and objects solved by some matrix factorization 

technique are currently leading methods for learning user preferences. The latent factor 

models gain on popularity during solving the Netflix prize (Funk [30]). The general 

idea, according to the description of Koren et al. [52], is to define fixed number of 

latent (unknown) factors common for both users and objects affecting user rating. User 

factors describe user proximity towards the factor (e.g. user like action movies) and 

object factors describe how much each object fulfils the factor (e.g. being action 

movie). The estimation of user rating is given as dot product of user and object factors. 

Both users and object factors are learned iteratively to be consistent with already known 

feedback.  
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More formally, given the list of users 𝐔 = {𝑢1, … , 𝑢𝑛} and objects 𝐎 = {𝑜1, … , 𝑜𝑚}, 

we can form the user-object rating matrix 𝐑 = [𝑟𝑢,𝑜]
𝑛×𝑚

. For a given number of latent 

factors f, matrix factorization techniques aims to decompose original 𝐑 matrix into 

𝐔𝐎𝑇, where 𝐔 is fn matrix of user latent factors ( T
i stands for latent factors vector 

for particular user iu ) and 𝐎𝑇 is mf   matrix of object latent factors ( i is vector of latent 

factors for particular object io ). 
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Unknown rating for user i and object j is predicted as j
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matrixes 𝐔 and 𝐎𝑇 minimizing errors on known ratings. Regularization penalty is often 

added to prevent overfitting. The optimization equation is defined as follows: 
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Where   is learning rate, uiK set of all objects rated by user iu  and ojK  set of all users, 

who rates object jo . Matrix factorization with baseline predictors according to the 

description of Koren et al. [52] was adopted for numerous experiments in this thesis. 

A vast number of latent factor models emerged over time. We will provide only a 

brief description as our experiments suggests that collaborative latent factor models 

don’t perform well on small e-commerce vendor datasets.  

Koren [51] proposed matrix factorization incorporating temporal changes of 

preferences. Author incorporated gradual change of item preferences and both gradual 

and sudden change of user preference into the time changing factor model. Hu et al. 

[40] proposed first (to our best knowledge) matrix factorization model tailored to 

handle implicit feedback datasets stating that the novel algorithm is especially suitable 
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for non-negative implicit feedback. Hidasi and Tikk [36] proposed fast tensor based 

matrix factorization suitable handling temporal context on implicit feedback datasets. 

Same authors also proposed framework for initializing matrix factorization methods 

that preserves the similarity between entities and thus speeding up the computation 

(Hidasi and Tikk [37]). Deskar et al. [16] proposed matrix factorization model based 

on preferential relations. Instead of directly using ratings, authors defined π(u,i,j) 

function stating whether user u prefers item i over j, j over i, or the preferences are 

equal. Similarly Rendle et al. [91] proposed BPR matrix factorization also based on 

paired item ranking, however the method was optimized for binary implicit feedback 

sources. 

2.4.2 Content-based and Hybrid Models 

Content-based (CB) algorithms focus on similarity induced by the content of the 

objects and thus recommend objects similar to the ones already known by the user. 

Algorithms (if they are purely content-based) consider only the behavior of the current 

user, so they do not depend on the total mass of users or interactions. All CB algorithms 

are sensitive on the quality of the content and cannot work effectively, if object 

attributes are not very informative. Also some CB algorithms suffer from providing 

trivial recommendations too similar to already known objects. CB algorithms would 

hardly identify a novel cluster of objects, different from already visited ones, yet 

relevant for the user. Such recommendation could be modelled by collaborative-

filtering algorithms more easily. 

2.4.2.1 Vector Space Model 

Vector Space Model (VSM), first proposed in Rocchio [93] is well-known content-

based algorithm brought from information retrieval. The approach is actually quite 

similar with Item KNN algorithm, with the main difference in computing similarity of 

objects based on their attributes instead of user ratings. We use the variant described in 

Lops et al. [60] with binarized content-based attributes serving as the document vector, 

TF-IDF or TF weighting and cosine similarity as objects similarity measure in our 

experiments.  
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2.4.2.2 Two-step Model for Preference Learning 

Two-step Model for Preference Learning (TSM) was originally described in 

Eckhardt et al. [21]. TSM is used in several of our experiments and as it is not generally 

known, we will shortly describe it here.  

The model is based on the idea of a content-based user preference model, where user 

preferences depend on the value of objects’ attributes. Some of the values are preferred 

and some are not. Some attributes are more important while some are less. The overall 

preference of an object is a combination of preference degrees of the attribute values. 

The computation of user preferences is performed in two steps.  

In the first step, called local preferences, every attribute value of an attribute 𝑎 ∈ 𝐀 

is ordered using function 𝑓𝑎
𝑢: 𝐷𝑎 → [0,1]. These functions transforms original space of 

objects' attributes (also called data-cube) into a preference cube[0,1]|𝐀|, where [1,...,1] 

is the most preferred point. 

The transformation functions are based on projection of user ratings into the attribute 

domains. For numerical attributes, various regressions can be performed. Linear, 

quadratic and peak (Eckhardt and Vojtas [26]) regressions were evaluated in our 

experiments. Nominal attributes are averaged on per-value bases.  

In the second step, called global preference, the preferences on attributes are 

aggregated into the overall rating using an aggregation function @𝑢: [0,1]|𝐀| → [0,1]. 

We experimented with two variants of aggregation functions @𝑢: 

 (Weighted) average of local preferences. Weights of local preference methods 

are set according to the accuracy of local preferences on the train set ratings.  

 S-norms (Klement et al. [48]) favoring objects with good local preferences on 

majority of attributes. 

2.4.2.3 Content Boosted Matrix Factorization 

Content boosted matrix factorization method (CBMF) is a hybrid technique aiming 

to include content-based object attributes into the latent factor model. CBMF was 

originally introduced by Forbes and Zhu [29] and extended by Nguyen and Zhu [65]. 

CBMF is based on the assumption that each object’s latent factors are a function of its 

attributes latent factors. Having fmO matrix of object latent factors, amA matrix of 

binary object attributes and faB matrix of latent factors for each attribute, the constraint 
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can be formulated as O = AB. Under this constraint, we can reformulate both matrix 

factorization problem (5), and gradient descend equations (6) as follows: 
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The main CBMF drawback is its time complexity, rising with both number of latent 

factors f and number of attributes a. In the experiments we often needed to use 

heuristics to decrease number of attributes in order to receive competitive results.  

We propose simpler hybrid approach – SimCat recommender in Section 6.5. 

2.4.3 Non-personalized Recommenders 

Non-personalized recommenders provide recommendation without respect to the 

preference of individual user (usually based on some aggregated metrics such as most 

popular items or items similar to the currently visited one). Although only a very 

limited research was conducted on non-personalized recommenders, some industry 

representatives (Pilaszy [87]) recently noted that majority of real-world 

recommendations are currently non-personalized. 

Non-personalized recommenders are especially useful for new users with only a few 

interactions (Kluver and Konstan [49]). In most research papers, non-personalized 

algorithms are in the role of baselines. However the recent work by Kaminskas et al. 

[44] proposed non-personalized recommender for small e-commerce vendors and 

stated that proposed solution outperformed legacy system in A/B testing.  

We used Popularity non-personalized recommender based on multiple implicit 

indicators (see 6.3) in some of our on-line experiments. 

2.4.4 Context Aware Models 

Numerous preference models considering current context of the user were proposed 

so far, for instance models considering temporal context (Hidasi and Tikk [36]; 
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Baltrunas and Amatriain [3]), user mood (Gorgoglione et al. [34]) or current location 

(Kaminskas and Ricci [43]).  

Our work however focus more on the presentation context rather than the user 

context, following the hypothesis that if the same information is presented in a different 

form, the user’s response might differ as well. We can trace some notions of 

presentation context in the literature. Radlinski and Joachims [88] and Fang et al. [27] 

considered object position as relevant context (see 2.2.1.3). Also Eckhardt et al. [22] 

proposed to consider user ratings in the context of other objects available on the current 

page. We follow on these works in section about implicit preference relation (4.4).  

Kelly and Belkin [45] reported that in their user study, dwell time was heavily 

dependent on user tasks. Although authors did not discuss this possibility in their work, 

our hypothesis is that some of the tasks (e.g. shopping vs. news reading) could be 

inferred from some properties (length of text, volumes of images etc.) of the visited 

pages. Portion of the difference in dwell time thus could be explained by differences in 

the webpage properties. Similar approach was used also by Yi et al. [104]. Several page 

context variables were defined in this thesis (see 3.5) and shown its usability in the 

experiments (8.1.5). 

2.4.5 Which Recommending Algorithms to Use 

The choice of recommending algorithm is one of the crucial decisions, which needs 

to be taken during the recommender system deployment process. Although each 

situation is slightly different, some common aspects affecting applicability of 

recommending algorithms can be found: 

Kluver and Konstan [49] evaluated collaborative and non-personalized algorithms 

under the situation of a new user (with 1-19 past ratings) entering well established (with 

enough data from other users) website. Authors evaluated SVD matrix factorization, 

user and item based KNN and baseline predictors, stating that SVD outperformed KNN 

approaches, but for user with less than five ratings, popularity baseline was the best 

option. The study was conducted on MovieLens 1M dataset6 without reasonable CB 

attributes, so no content-based algorithms were considered. 

                                                 
6 http://grouplens.org/datasets/movielens/ 
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Knijnenburg et al. [53] identified another important axis: novice users vs. domain 

experts, stating that novice users positively evaluates simple algorithms such as 

popularity baseline, domain experts however benefits from increased control over the 

system e.g. by adjusting the importance of CB attributes during the process of 

preference elicitation. 

Although the general claim that CB algorithms are inferior to CF as they fail to 

provide novel, surprising recommendations (Linden et al. [59]), there are not so many 

studies directly comparing them. We can mention de Campos et al. [13], where portion 

of their work aimed on comparing several CF and CB algorithms on movies domain. 

CF significantly outperformed CB algorithms in this study.  

On the other hand Bogers and Bosch [8] compared user and item-based k-NN 

algorithms on social bookmarking domain. Authors computed items and users 

similarity either collaboratively based on ratings, or via vector of tags (CB). In this 

study, content-based approach outperformed collaborative significantly. According to 

our opinion, the most interesting part of this work is the discussion of results. Authors 

hypothesize that CB success was mainly caused by the sparsity reduction as one object 

possess in average 2.5 times more tags than user ratings. This is also true for most of 

the e-commerce vendors, where object descriptions are quite informative, but low 

number of visitors, low user loyalty and high object fluctuation reduces user-based 

information quality and quantity.  

The work by Kaminskas et al. [44] also considers small-scale e-commerce retailers 

as this thesis and identifies similar problems as mentioned above. Authors proposed 

non-personalized approach based on text similarity and object co-occurrences, however 

authors did not consider using personalized (e.g. content-based) approaches. 

Our own previous work suggests that using CF algorithms on small-scale e-

commerce retailers fails to provide relevant recommendations due to the cold start 

problem [77, 82, 86], however we cannot conclude yet on under which conditions 

should be used CB or hybrid approaches and when the non-personalized approach 

performs the best. 

2.4.6 Recommender Systems Evaluation 

According to Shani and Gunawardana [97], there are in principle three ways to 

evaluate recommender systems: off-line evaluation against past user behavior, user 
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studies incorporating users willing to cooperate in the study and on-line A/B testing of 

the recommender system in real-world deployment. Although off-line experiments are 

considered to have the lowest information value, they can be found regularly in the 

literature as they are relatively cheap and fast to conduct and can at least pre-select bad 

approaches. User studies can benefit from observing user actions in real-time and thus 

can incorporate also the influence of recommender system on user behavior. Additional 

information can be received also from user questionnaires. This option is not possible 

in on-line A/B testing on live recommender system, however we can receive data from 

large volumes of users and users are not biased by the study instructions, but follow 

their real goals. 

Measuring the error in rating value prediction such as root mean square error 

(RMSE) was a dominant off-line evaluation methodology in Recommender Systems 

research papers, especially in the years after the NetFlix Prize (Bennett and Lanning 

[5]). Other researchers however opposes that prediction accuracy is far from being 

enough to determine practical usability of recommender system (Said et al. [94]). Our 

general aim in the off-line experiments was to keep the evaluation metrics as close to 

the real user goals as possible. This was the main argument for using list-wise metrics 

considering position of objects such as normalized discounted cumulative gain 

(nDCG).  

Our approach could be further refined e.g. by the approach of Shen et al. [98], where 

authors estimated probability to be viewed for each position or Hopfgartner et al. [39] 

suggesting different evaluating protocol better reflecting temporal aspect of 

information. 

2.5 Recommender Systems in E-Commerce 

Recommender systems were quite extensively studied in the e-commerce domain in 

the past two decades. Early approaches focused mostly on recommending on large 

retailers. Linden et al. [59] in the industry report described Item KNN recommender 

system of Amazon, used to increase cross sells. Schafer et al. [96] analyzed the then 

used algorithms on several e-commerce vendors (Amazon, CDNOW, eBay etc.). 

Algorithms were examined according to its inputs, recommendation method, degree of 

personalization and output format. One interesting findings of the analysis is that 
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majority of recommendations were actually non-personalized.7 This observation was 

confirmed also quite recently (Pilászy [87]). In context to this is interesting the work 

of Lerche and Janach [57]. Authors proposed to reinforce conveniently used non-

personalized techniques by personalized long-term user model learned e.g. by BPR 

method. Conducted off-line experiments on Zalando dataset confirmed superiority of 

reinforced models over non-personalized baselines. 

Quite common are also studies of business value of recommender systems. We 

would like to mention Belluf et al. [4] considering one of the largest Brazilian online 

retailers. Authors reported that employing CF recommending techniques caused 8-20% 

increase of revenue as well as increased diversity of sold items. 

Previously mentioned studies however considered large e-commerce vendors, so its 

outcomes are only partially valid for our scenarios due to the substantial differences in 

the dataset sizes and properties. In our algorithms, we had to substitute purchase based 

statistics as proposed in Linden et al. [59] by more frequent implicit indicators due to 

the purchase sparsity. Similarly in the on-line experiments we had to use click-through 

rate instead of increased revenue or purchases in order to collect enough data. 

Recommending in small community networks exhibits some common features with 

small e-commerce. Strickroth and Pinkwart [99] stressed the need to use additional 

information (demographics, context and semantical information in that case), which is 

in line with our aim on enhancing CB recommender systems by external datasets 

(Chapter 5). Gorgoglione et al. [34] illustrates the problem of user engagement in e-

commerce. Authors evaluated the effect of context-aware recommendations in 

personalized newsletter. Out of 23000 addressed users, only 260 agreed to receive 

personalized newsletter together with a legacy (non-personalized) newsletter. 

Often approach for small-scale e-commerce recommenders is mining association 

rules. Variants of mining association rules is proposed by Cho et al. [10], Chen et al. 

[9] or Kaminskas et al. [44]. Also Li et al. [58] proposed grocery recommender based 

on transitive co-purchases. Our experimented domains (travel agency and secondhand 

bookshop) are however not very suitable for applying association rules directly. 

                                                 
7 The definition of non-personalized recommenders used in this thesis differs from the one used by 

Schafer et al. Most of the then called Ephemeral recommendations are non-personalized according to 

our classification. 



 

31 

 

Related products,8 the main outcome of mining association rules, are not very common 

as both domains are quite homogeneous. Furthermore purchasing more than one tour 

at the time is very rare and most of the secondhand books cannot be purchased 

repetitively. Thus instead of mining associations between products, we focused on 

mining associations between categories (see 6.5).  

Similarly as in Chen et al. [9] and Strickroth and Pinkwart [99], we proposed using 

layered recommender in real-world applications [72]. The final rating of an object is 

based on a weighted average of multiple recommenders. Conveniently, non-

personalized recommenders such as popularity based have lower weight and thus 

significantly affects the output only if the personalized recommenders failed to provide 

enough objects. In this way, the outcome of our approach is quite similar to Strickroth 

and Pinkwart.  

2.6 Linked Open Data and Recommender Systems 

The possibility of using external sources of information in recommender systems 

emerged together with the widespread of semantical web, particularly Linked Open 

Datasets. Linked Open Data (LOD) initiative (Bizer et al. [7]) aims to produce publicly 

available, machine readable datasets interlinked with each other. Most of the datasets 

are published in the form of RDF triples9 and provides interface for querying over the 

dataset (e.g. SPARQL10 endpoint). We consider the existence of query endpoint to be 

the main advantage of using external LOD knowledge. Over the years, DBPedia (Bizer 

et al. [6]), the machine readable subset of Wikipedia, earns prominent position within 

the LOD cloud. 

At the time of our first proposal of using LOD in recommender systems [77], only 

a very few related work existed. Closest to our approach was the work of Di Noia et al. 

[18]. Authors aim was to develop content based recommender system for a movie 

domain based sole on (multiple) LOD datasets. The recommender system was tested 

by connecting LOD-based profiles to the MovieLens 1M dataset. 

                                                 
8 Products of a different type/category, which are sharing a common purpose e.g. computer and 

monitor. The convenient source of related products are based on „bought together“ or „viewed together“ 

association rules. 
9 http://www.w3.org/RDF/ 
10 http://www.w3.org/2009/sparql/wiki/Main_Page 
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However our point of view was different from Di Noia et al. and we also targeted 

our system on different domain (bookshop). We aimed to enhance an existing 

recommender system (objects already possessed some attributes) by additional 

knowledge coming from LOD, not to build a new system from scratch. This introduced 

necessity of solving updates and missing data problems. Also the coverage of the target 

dataset in LOD was much lower compared to the values stated by Di Noia et al. This 

introduced precision vs. coverage tradeoff problems and also affected the choice of the 

recommending algorithm. Furthermore we dealt with some language specific mappings 

and proposed integration of multilingual sources in our later works [83, 84]. Our 

approach was described in Chapter 5. 

There were also some other works considering both LOD and Recommender 

Systems available at the time of publishing: Passant [71] developed dbRec – the music 

recommender system based on DBPedia dataset. Heitmann and Hayes [35] used Linked 

Data to cope with new-user, new-item and sparsity problems and Goldbeck and 

Hendler [33] proposed FilmTrust: movie recommendations enhanced by FOAF trust 

information from semantic social network. 

In years after the early approaches, using LOD in recommender systems became 

quite an emerging topic. Especially Linked Open Data-enabled Recommender Systems 

Challenge (Di Noia et al. [19]) held during the ESWC 2014 conference attracted large 

number of researchers to the topic. From other recent activities we can mention Ayala 

et al. [2] extending SPARQL syntax by content-based and collaborative 

recommendations, Kushwaha and Vyas [54] dealing with sparsity and inconsistency 

problems in DBPedia based movie recommendations or Musto et al. [64] testing 

several methods for automatic feature selection in graph-based recommender systems 

populated by LOD. 

2.7 Fuzzy Systems and Recommender Systems 

The area of fuzzy systems is closely related to our work on compensatory models of 

implicit feedback (4.3.2). Having multiple types of user feedback, resulting into 

multiple local preferences, we need an aggregation function to create a single value 

representing user preference on the given object. Zimmermann and Zysno [105]  

described human decision making process and suggested to parametrize the level of 

compensations for aggregating functions. If an object is evaluated positively in general, 
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than a single unpreferred attribute value tends to be ignored. This is our key motivation 

towards the usage of S-norms (also referred as T-conorms) in 4.3.2. Also Yager [102] 

suggested using noble reinforced S-norms to cope with the same problem.  

T-norms and S-norms are a generalization of the usual two-valued logical 

conjunction and disjunction for fuzzy logics. Four axioms are used to define T-norms 

and S-norms. Besides commutativity and associativity, T-(co)norms keep 

monotonicity: 𝑇(𝑥, 𝑦) ≤ 𝑇(𝑥, 𝑧) 𝐼𝐹 𝑦 ≤ 𝑧 and boundary condition. For T-norms 

𝑇(𝑥, 1) = 𝑥 and for S-norms 𝑆(𝑥, 0) = 𝑥.  

Several instances of T-(co)norms were introduced. Four basic (non-parametrized) 

T-norms and S-norms are usually recognized (minimum, product, Lukasiewicz and 

drastic sum). Several parametrized families of T-(co)norms were introduced, where 

level of compensations are determined with a parameter λ. Frank, Schweizer-Sklar, 

Sugeno-Weber, Yager and Hamacher T-(co)norms are used in this thesis. Its full 

description and features can be found in Klement et al. [48]. We only show an example 

of basic product T-(co)norm (7) and parametrized Sugeno-Weber T-(co)norm  (8). 

 𝑇𝑝𝑟𝑜𝑑(𝑎, 𝑏) = 𝑎 ∗ 𝑏

𝑆𝑝𝑟𝑜𝑑(𝑎, 𝑏) = 𝑎 + 𝑏 − 𝑎 ∗ 𝑏
 

(7) 

 
𝑇𝑆𝑊(𝑎, 𝑏) = max (

𝑎 + 𝑏 − 1 + 𝜆𝑎𝑏

1 + 𝜆
, 0)

𝑆𝑆𝑊(𝑎, 𝑏) = min (𝑎 + 𝑏 + 𝜆𝑎𝑏, 1)
;  𝜆 ∈ (−1, ∞) 

(8) 

 

2.8 Software, Tools and Datasets 

There is a lot of software tools available for recommender systems evaluation. Some 

of the tools for general machine learning can be employed to carry recommendation 

tasks e.g. Weka11, RapidMiner12 or Apache Mahout.13 Several authors also proposed 

extensions of these tools towards recommender systems. Mihelcic et al. [62] proposed 

RapidMiner extension by some recommending algorithms, mostly collaborative latent 

factor models and also added several performance metrics. Eckhardt [24] proposed 

PrefWork – a tool for evaluating preference learning methods based on Weka. We can 

                                                 
11 http://www.cs.waikato.ac.nz/ml/weka/ 
12 http://rapidminer.com 
13 http://mahout.apache.org 
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mention also Gantner et al. [31] proposing MyMediaLite14 recommending algorithms 

library addressing rating prediction problem and item prediction from positive-only 

feedback problem. 

Although the described tools are definitely useful, they are focused towards 

algorithm and data analysis and its comparison rather than deployment on real 

websites. From the projects more focused on real-world deployment we can mention 

Duine Framework15 focused on recommendation, which however do not consider 

complex user feedback. We can mention also PrefShop (Vaclav et al. [100]) focused 

on preference elicitation in e-shops.  

Our work on UPComp recommending component (9.2) is mostly complementary to 

the presented examples as it focuses mostly on real deployment of recommender 

systems in e-commerce, handles multiple types of implicit feedback and its interface is 

query-like, which can serve as common vocabulary for persons new to the 

recommender systems. We are not aware of other projects aiming on tracing complex 

implicit feedback for recommendation on e-commerce such as IPIget (9.1). 

The lack of suitable datasets considerably hindered research on e-commerce 

recommender systems until quite recently. The major progress was made recently as 

during the RecSys 2015 Challenge,16 a dataset from a major online retailer was 

published. Although the dataset has some flaws such as lack of content or inability to 

trace single user across multiple sessions, it can attract further researchers to this area. 

E-commerce datasets proposed in this thesis (7.2, 7.3) are complementary to this one 

in many directions. Datasets are collected from small-scale retailers, users are traceable 

throughout all their sessions, content attributes are provided as well as complex records 

of user behavior. 

2.9 Recommender Systems as a part of Web Semantization  

In a broader scope, we see recommender systems as an important part of our Web 

Semantization project (WS project) described in Dedek et al. [15].  In this section, we 

would like to shortly introduce WS project, its components and the role of 

                                                 
14 http://www.mymedialite.net 
15 http://www.duineframework.org 
16 http://2015.recsyschallenge.com/ 
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recommender systems within the project. The work in progress towards web 

Semantization was also described in [76]. 

The working hypothesis of the project is that the process of web Semantization will 

need continuously some amount of human work to keep it running. This work can be 

obtained either as a paid labor (but this implies continuous funding of the process) or 

via crowdsourcing. However effectively employing the crowd is possible only if the 

returned value of the human effort is high enough. Thus we need to focus not only on 

creation of the machine-readable data, but also on the tools which will use it and 

provide users with enhanced functionalities. 

The WS project consists of four main parts: 

 Extractors and Annotators are components for extracting semantical data from 

raw web pages. This can be done either automatically (Dedek and Vojtas [14]), 

(Eckhardt et al. [23]) or with help from users by annotating some content (Fiser 

[28]).  

 Semantic repository for collecting and integrating data (Dokulil et al. [20]). 

 Users (partially) connected via social network17. 

 User agents using data from semantic repository and users to create new or 

improved functionality. 

Each part of the system is independent on the others and communicates via interface. 

During the work on the project, several tools were developed to cover each part, but 

this does not restrict the use of third party tools as well. Figure 4 contains overview of 

the WS project top-level architecture. Our point of view is complementary to e.g. 

Schema.org initiative18, where the semantic content should be created by the web 

owners themselves in order to receive some competitive advantage. 

                                                 
17 http://www.sitit.cz 
18 http://schema.org 
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Figure 4: Towards web semantization and user understanding: On the web, we are 

particularly interested in sites with collections of objects. We can either receive semantical 

data directly from them or obtain the data via natural language processor or semi-structured 

data extractor. Both approaches may be improved by using user created annotations. Several 

user agents may benefit from gathered semantical data e.g. recommender systems. Users 

themselves could be connected in a social network, which can also add interesting 

information to the user agents. 

The focus of this thesis in the context of Web Semantization project is to propose 

certain type of user agents (e.g. Recommender systems), which can consume extracted 

or annotated data as well as data with known semantics and derive some additional 

functionality to the user. 
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3 Implicit User Feedback 

3.1 Introduction 

User feedback is a primary source of information for any recommender system. As 

the explicit feedback is not available in enough quantities, we focused solely on 

Implicit Feedback (IF) in this thesis. 

In this chapter we would like to provide a formal definitions of implicit feedback 

(3.2), identify domain dependent conditions affecting implicit feedback on e-commerce 

(3.3), relevant contextual features (3.4) and propose a set of relevant implicit feedback 

features to be traced on small e-commerce websites (3.5). 

3.2 Defining Implicit User Feedback 

In this section we will describe in detail our understanding of user behavior, implicit 

feedback and related terms. Let us begin with some background. Whenever user visits 

a webpage through a web browser, he/she uses various interfaces in order to interact 

with the browser and the page. The most common inputs of the interaction are mouse 

and keyboard devices, however also uncommon devices, e.g. eye-trackers or motion 

sensors, could be considered. The input of these devices can be usually separated into 

distinct events, which we will further denote as user actions. Depending on the devices 

and interpreting mechanism, the exact set of considered user actions may substantially 

differ. Some examples are pressing a key on the keyboard, or moving with the mouse. 

Furthermore based on software restrictions or hardware limitations, the lists of potential 

actually performed user actions and traceable user actions differs. We discussed this 

subject in the related work (2.2.2). In the rest of the thesis, we will focus only on the 

actions traceable via client-side scripting. 

From the list of traceable user actions, we can select some actions or its sequences 

as desirable and trace its occurrences. We will further denote them as User Behavior 

Patterns (Definition 1).  

Definition 1: User Behavior Patterns, User Behavior and Implicit Feedback 

The User Behavior Pattern is any defined and named sequence of actions of a single 

user. The actions are committed via some human-computer interaction (HCI) devices, 

e.g. mouse, keyboard, eye-tracker etc. The traced occurrence of the pattern is denoted 

as (named) User Behavior. The traced User behavior with expectable impact on the 

user preference is denoted as Implicit (User) Feedback (IF). 
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Although it is possible to define user behavior patterns throughout his/her 

interaction with a computer, we focus only on the behavior patterns observable during 

a visit of a single webpage. 

Each User Behavior may also carry additional contextual information especially 

regarding to the occurrence time, page descriptor, position(s) on page or to which page 

component it refers to.  The list of relevant contextual information varies for various 

Behavior Patterns. In general, the collected User Behavior (and thus also Implicit 

Feedback) has the structure as follows: 

 𝐼𝐹(𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘_𝑡𝑦𝑝𝑒, 𝑈𝑠𝑒𝑟_𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑟, 𝑃𝑎𝑔𝑒_𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑟, 𝐶𝑜𝑛𝑡𝑒𝑥𝑡)  

This general Implicit Feedback representation is useful if considering time-aware or 

order-sensitive preference learning methods on the level of visited page, so we kept 

this representation in our datasets. As an example, this general representation was used 

to compute Implicit Preference Relations (see Section 4.4). Nonetheless, the most of 

the preference models presented in this thesis do not exploit such features, so we chose 

Implicit Preference Indicators (Definition 2) as the main representation of user 

feedback in order to reduce computation costs.  

Definition 2 (Implicit Preference Indicators). 

The Implicit Preference Indicators (IPIs) are volumes of occurrences, or similar 

aggregations of a single User Behavior Pattern committed by a single user on a 

single page over a defined period of time. 

The definition in fact provides only a frame for the actual IPIs proposals. The key 

restrictions are, that IPIs aggregates same behavior patterns on the same page. 

Aggregation methods varies for different user behavior patterns. Simple ones are 

counting occurrences such as number of page views. More complex aggregations 

utilizes some context features. For example calculating distance travelled by mouse 

cursor, use context of cursor position and its changes over time.  

We experimented with two settings of the time frame. In the early stages of our 

research, we aggregated IPIs over the lifetime. This brings the greatest savings in 

evaluation complexity and computation time, however neglects the phenomenon of 

preference shift19 and penalizes newly emerged objects especially in case of long-term 

                                                 
19 Here we mean preference shift as a gradual change of user preferences over time as introduced in 

Koren [51]. 



 

39 

 

users. This led us to aggregate IPIs over a single session in the later stages of the 

research. The user session is defined as a series of HTTP requests interleaved with only 

a limited amount of idle time. In another words, current session ends whenever is the 

user idle for an excessive period of time. The time threshold depends on server settings, 

however settings around 30 minutes are common. Our expectation is that one session 

roughly corresponds with a single user goal and will not be affected by preference shift 

and short term changes of user preferences e.g. different mood. The list of available 

objects also shouldn’t change much during a single session. If some of these conditions 

are violated on another domain, different time frame should be considered. 

In contrast to the general feedback representation, the most IPIs are quantifiable and 

thus induces orderings ≤𝑖𝑝𝑟. It will be shown in the experiments that ≤𝑖𝑝𝑟 is quite good 

approximation of user preference for some IPIs. The representation of IPI is as follows: 

 𝐼𝑃𝐼(𝐼𝑃𝐼_𝑡𝑦𝑝𝑒, 𝑉𝑎𝑙𝑢𝑒, 𝑈𝑠𝑒𝑟_𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑟, 𝑃𝑎𝑔𝑒_𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑟, 𝑆𝑒𝑠𝑠𝑖𝑜𝑛_𝑑𝑒𝑠𝑐𝑟𝑖𝑝𝑡𝑜𝑟)  

3.2.1 Example of User Behavior and Implicit Preference Indicators 

We would like to illustrate the proposed definitions on a following example (see 

Figure 5). Imagine a user (UID) opens a page (PID) and moves with the mouse cursor 

for a period of time (the cursor does not moves all the time). We monitor cursor position 

regularly (e.g. five times per second) and each time the cursor position changed, we 

generate one record to the Feedback table: 

 𝐹𝑒𝑒𝑑𝑏𝑎𝑐𝑘( 𝐶𝑢𝑟𝑠𝑜𝑟_𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛, 𝑈𝐼𝐷, 𝑃𝐼𝐷,  

𝑡𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝 = 0.200;  𝑝𝑜𝑠_𝑥 = 150;  𝑝𝑜𝑠_𝑦 = 115) 

 

If the cursor position changed between two consecutive time points, we add this 

time period to the Mouse moving time IPI and we also add distance between these two 

positions into the Travelled distance IPI. Furthermore the total time user spends on 

page is recorded continuously. The resulting IPI records according to Figure 5 would 

looks like this: 

 𝐼𝑃𝐼(𝐷𝑤𝑒𝑙𝑙_𝑡𝑖𝑚𝑒, 16.8, 𝑈𝐼𝐷, 𝑃𝐼𝐷, 𝑆𝑒𝑠𝑠𝑖𝑜𝑛_𝑛𝑢𝑚𝑏𝑒𝑟) 

𝐼𝑃𝐼(𝑀𝑜𝑢𝑠𝑒_𝑡𝑖𝑚𝑒, 1.8, 𝑈𝐼𝐷, 𝑃𝐼𝐷, 𝑆𝑒𝑠𝑠𝑖𝑜𝑛_𝑛𝑢𝑚𝑏𝑒𝑟) 

𝐼𝑃𝐼(𝑀𝑜𝑢𝑠𝑒_𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒, 2009, 𝑈𝐼𝐷, 𝑃𝐼𝐷, 𝑆𝑒𝑠𝑠𝑖𝑜𝑛_𝑛𝑢𝑚𝑏𝑒𝑟) 
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Should the user close this page and later on (however still within the same session) 

he/she opens it again, we would continue adding to the same IPI records. 

 

Figure 5: Example of collecting IPIs. User moved with a mouse cursor along the red line (a). 

The cursor position was scraped regularly each 0.2 sec (b). Cursor position and current 

timestamp are in the green boxes, distance between positions are in the orange boxes and 

approximated cursor path is displayed as the blue line. Resulting IPIs are in the last part of 

the figure (c). 

3.3 User Behavior in E-Commerce  

Modelling user behavior in small e-commerce websites have some specifics given 

by the nature of the domain. Unlike some other types of websites, we can collect a very 

clear evidence of user preference: the indicator whether user bought an item. However 

due to the low consumption rate in general (see 7: Datasets), we would get into a similar 

data sparsity problems as in the case of explicit feedback. Thus it is necessary to trace 

also other user behavior patterns and infer preference from them. In the rest of this 

section, we will describe a general model of Human-Computer Interaction (HCI) for e-

commerce, which gives a broader picture about what behavior patterns can be traced 

in different stages of interaction and further on we describe, based on the literature and 

our own findings, which behavioral patterns are eligible for tracing in e-commerce.  

3.3.1 Human Computer Interaction in E-Commerce 

Although details of each website’s Graphical User Interface (GUI) differs and also 

individual users might have different tasks and thus different interaction model, we can 

recognize several common aspects in e-commerce HCI. We distinguish three types of 

pages on an e-commerce website: 

 Category or search result page, where list(s) of objects are presented. 
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 Object detail page, which is predominantly focused on providing information 

about this specific object. 

 Purchase funnel page(s) aiming to navigate user through the purchase process. 

Naturally, each page might contain also other information e.g. list of related product 

on the object detail page, however its main purpose remains the same. There might be 

also other pages with static information e.g. about the vendor, terms and conditions 

etc., but we assumed these pages irrelevant for preference learning and do not use them 

any further in this thesis. 

Each type of page corresponds with a state of user interaction as the user aims to 

complete different goals. Figure 6 depicts main flows of user interaction patterns and 

corresponding behavior that can be traced. 

 In the State I. user foremost aims to specify his/her needs and searching for 

some suitable candidates. This is done by asking conjunctive queries either 

implicitly e.g. by navigating through the category tree or explicitly via search 

interface. User browse through the resulting list(s) of items and follow some of 

the displayed objects, redefine the query, or leave unsatisfied.   

 If some objects are selected for further evaluation (by opening their detail 

pages), user moves to the State II. User analyzes the object and possibly 

compares it to other objects (e.g. by switching tabs or through specific GUI).   

According to the results of evaluation, user might follow steps to buy the object, 

go back to State I. and redefine the query, or move to the next pre-selected 

object. 

 If user decides to buy object(s) (e-commerce enterprises differs in possibility to 

buy multiple objects at once), he/she is navigated through the purchase funnel 

(State III.) resulting in a completion of a purchase transaction (or possibly user 

aborts the process at some stage). 

Figure 6 shows the state diagram on a model e-commerce site. Behavior related to 

user choices and direct feedback can be traced mostly on STATE I. Behavior related 

to evaluating single object can be traced mostly on STATE II. and STATE III. informs 

about completion/abortion of the purchase process. 
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Figure 6: State diagram of human-computer interaction on e-commerce: User enters the site 

in STATE I. or II. He/she can either navigate through category or search result pages - 

updating his/her query and receive new list of items (possibly containing list of recommended 

objects).  Users can eventually proceed to some object detail pages (STATE II.) and execute 

steps to buy it.  

3.3.2 Selecting Implicit Preference Indicators 

We based the selection of Implicit Preference Indicators mostly on two sources. Our 

initial point of view (denoted as “Basic User Behavior” in datasets) was driven by the 

work of Claypool et al. [11] and contained several indicators, namely page views, time 

on page, volumes of scrolling and mouse overs and purchase indicator collected on 

object detail page. However we soon realized that these indicators give us only a limited 

information about user preferences. The need for more comprehensive set of indicators 

emerged. 

We based the enhancement of indicators mostly on the work by Oard and Kim [67] 

on classification of implicit feedback. Authors proposed numerous potentially 

observable behavior (implicit preference indicators according to our notation) and 

distinguish those over two axes. The first axis represents minimal scope, where an 

indicator can be observed: a segment, an object or a class of objects. The second axes 

distinguish between several types of behavior corresponding with different user goals: 

examine, retain, refer and annotate.  

Although Oard and Kim’s work is quite old, we found the list of proposed indicators 

still relevant, off course only to some extent due to the e-commerce specifics, tracing 

technology or introduction of novel GUI. 

PURCHASE FUNNEL 

EVALUATE ANOTHER OBJECT 

USER ENTERS WEBSITE (DIRECTLY, 
VIA LINK OR SEARCH ENGINE) 

UPDATE QUERY, RECEIVE  
NEW LIST OF OBJECTS 

OPEN OBJECT DETAIL 

RETURN TO THE CATEGORY 

USER AIMS TO BUY ANOTHER OBJECT 

STATE I. 
QUERY 

STATE II. 
DETAIL 

STATE III. 
PURCHASE 

TRACED 
BEHAVIOR 

COMPLETION OF 
PURCHASE STAGES 
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The usage of client-side scripting for behavior tracing appears to be the most sewer 

restriction preventing us from using some indicators as defined by Oard and Kim (e.g. 

bookmark, read, reply, link, quote). Some other proposed indicators are observable, but 

only if a page contains specific GUI (save, delete, listen, subscribe, rate, review), not 

very common in e-commerce. 

E-commerce purchase process usually takes several steps and information regarding 

to the completion of each step might be important.  

Table 1: A list of IPIs suitable for e-commerce published by Oard and Kim [67] and 

supplemented by the author of this thesis: original IPIs are in normal font, indicators added 

in this thesis are in bold. Indicators not observable via client-side scripts or irrelevant for e-

commerce are strikethrough, indicators requiring specific GUI, or observable only under 

rare conditions are in italic. 

Behavior 

type 

Segment Object Class 

Examine Read 

View 

Listen 

Mouse actions 

Keyboard actions 

 

Select 

Dwell time 

Ask question 

Search 

Filter 

Sort 

Retain Print Bookmark 

Save 

Delete 

Purchase 

Purchase process 

Subscribe 

Reference Copy/paste 

Quote 

Forward 

Reply 

Link 

Cite 

 

Annotate Mark up Comment 

Review 

Rate 

Publish 

Organize 

 

The proposed indicators also does not reflect low level actions committed by mouse 

or keyboard (e.g. scrolling or mouse movement), often used in related work (2.2.1.1). 

Table 1 contains both original indicators from Oard and Kim and modified 

indicators reflecting e-commerce specifics and constraints of behavior tracing via 

client-side scripting.  

Furthermore we found very interesting the idea of minimal scope of indicators and 

transform it in a way that we could collect also information about segments of a page, 
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not only the page as whole. The indicators which minimal scope is class mostly 

complies with the definition of direct preferences (Vaclav et al. [100]). We found them 

interesting, but highly domain dependent and do not address them directly in this thesis. 

The user goals are not distinguished further in this thesis as most of reference, annotate 

and retain indicators are not observable via client-side scripting, or observable only if 

some specific GUI is presented. 

3.4 Context of User Behavior 

In this section we would like to consider some contextual conditions, which might 

affect user behavior. Among the conveniently considered contextual information are 

current location, various temporal aspects or mood of the user.  

As the most of e-commerce vendors do not specifically focus on certain location, 

we did not consider user location as relevant context and do not mention it further in 

this thesis.  

We consider temporal context (days in a week, hours in a day etc.), as potentially 

relevant as both user preference and available objects can evolve over time. Although 

our work do not contain any specific models of temporal context, it can be considered 

in future work as the datetime of user actions is collected and accessible from the 

datasets (7.2, 7.3). 

We are convinced that user’s mood cannot be inferred implicitly and explicitly 

asking for it would violate common patterns e-commerce HCI. Nonetheless, sudden 

changes of user preference can be modelled on per-session bases as well. 

In the rest of this section we would like to point out another two types of context, 

which we consider more relevant from the user behavior tracing and e-commerce point 

of view.  

3.4.1 Context of Device and Page 

The device, user use for browsing might significantly affect his/her behavior. It was 

shown e.g. by Yi et al. [104] that time, the user spends on a webpage is higher for 

desktop devices than for handheld devices (tablet, cellphone). Other context axes can 

be considered too, e.g. screen size affects how much information can be shown at once 

the portion of missing information will thereafter affect for example whether user have 

to scroll in order to see the information. Similarly the volume of text affects dwell time 
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of interested reader – longer texts obviously takes more time to read. Yi et al. [104] 

shown that time on page rises with both article length and number of photos. Some 

device and page context variables are thus incorporated in our proposed model of 

implicit feedback tracing (3.5). The importance of page context variables was also 

shown in some of the conducted experiments (8.1.5).  

3.4.2 Context of Available Choices 

In real world, users are often forced to choose from suboptimal choices, because the 

optimal choices are either not available, or users are not aware of it. This might be the 

matter of price (user wants the same product, but cheaper), sold out products, products 

that don’t exists currently, but user would like them20 or simply unawareness of some 

products. 

Depending on the parameters of the domain and vendor (e.g. object fluctuation, 

volumes of objects, search options), it might be important to consider user behavior in 

context of either overall availability of products at the time (for swiftly evolving 

domains), or in context of products, user is aware of (for domains difficult to browse 

or search). The context of overall availability is closely coupled with long-term 

temporal context. We do not model it in this thesis, however it can be established based 

on the current datasets in the future work. The context of user awareness is considered 

in our model of implicit preference relations (4.4) and model of negative preference 

through visible and ignored behavior (4.5.1). 

3.5 Proposition of Traced Model of User Behavior 

As a conclusion to this chapter, we propose a set of features, which we consider 

relevant for describing user behavior in e-commerce. This model represents our current 

view on the problematic of behavior tracing, influenced by the collected datasets and 

conducted experiments described in this thesis. We stress the importance of tracing 

behavior at each stage of e-commerce HCI (see Figure 6), usage of page and device 

context variables as well as the context of available choice. Temporal context can be 

inferred from DateTime of the feedback and context of available choices is addressed 

by listing all displayed objects. 

                                                 
20 Here we regard to swiftly evolving domains such as computers, where parameters of newly 

manufactured items improves drastically over time. 
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We suggest that collected features forms a relation with following structure: 

𝐼𝑃𝐼( 𝑈𝐼𝐷, 𝑃𝐼𝐷, 𝑆𝐼𝐷, 𝑐𝑜𝑛𝑡𝑒𝑥𝑡, 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟𝑠, 𝑙𝑜𝑔𝐹𝑖𝑙𝑒), where 

 UID is identifier of user (either logged or traced via cookie) 

 PID is identifier of a webpage 

 SID defines current user session 

 Context is a list of contextual variables 

 Indicators is a list of IPIs 

 LogFile is a log of raw user behavior 

Table 2 contains description of context features, Table 3 contains description of 

Implicit Preference Indicators.  

Table 2: Description of proposed contextual features affecting observed user behavior. 

Context Name Description 

C0: PageType Indicator whether the page describes mainly one object 

(Detail), or multiple ones (Query). 

c1: PageSizes [c1,x,c1,y] Vertical (c1,x) and horizontal (c1,y) sizes of the current 

webpage (coordinates of the point in bottom-right 

corner of the page). 

c2: BrowserWindowSizes 

[c2,x,c2,y] 

Vertical (c2,x) and horizontal (c2,y) sizes of the browser 

window (the area in which the webpage is displayed, 

e.g. 1200x700px). 

c3: VisibleAreaRatio Fraction of the page visible in the browser. 𝒄𝟑 =
𝑪𝟐,𝒙×𝑪𝟐,𝒚

𝑪𝟏,𝒙×𝑪𝟏,𝒚
 

c4: NumberOfLinks The total number of links on the page. 

c5: NumberOfImages The total number of images on the page. 

c6: TextSize The total length of the text displayed on the page. 

c7: DisplayedObjects List of all displayed objects with its positions. 

c8: DeviceType Desktop, Tablet or Mobile device 

c9: DateTime Temporal context of start and end of the visit 
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Table 3: Description of proposed Implicit Preference Indicators. 

Indicator Name Description 

Ipi0: View Binary information indicating whether user ever 

viewed the page.  

ipi1: PageViews Counting how many times the user visited the page.  

Ipi2: DwellTime The total time the user spent on the page. 

Ipi3: 

MouseMovementTime 

The total time for how long the user moved with the 

mouse cursor. 

Ipi4: MouseDistance The total distance traveled by the mouse cursor. 

Ipi5: ScrollingTime The total time for how long the user scrolled the page. 

Ipi6: ScrolledDistance 

[ipi6,x,ipi6,y] 

The total scrolled distance over both axes (differences 

between page top-left corner and visible area top-left 

corner) 

Ipi7: ScrolledArea  

[ipi7,x,ipi7,y] 

The maximal value of the scrolled position (the point 

appeared on the bottom-right corner of the browser 

visible area with the highest coordinates) 

Ipi8: SelectCount Counting how many times the user selected some 

elements or text. 

Ipi9: CopyCount Counting how many times the user copied some 

elements to the clipboard. 

ipi10: ClicksCount Counting how many times the user clicked by mouse 

anywhere on the page. 

ipi11: LinkUsageCount Counting how many times the user navigates from this 

page to another one by using some of the links on the 

page. 

ipi12: 

StartPurchaseCount 

Counting how many times user initiated purchase 

process of this object (e.g. add object to the basket). 

ipi13: PurchaseCount Counting how many times user successfully finished 

the purchase of this object. 

ipi14: SelectedText Concatenated text the user selected. 

ipi15: CopiedText Concatenated text the user copied. 

ipi16: LinksUsed The list of links user followed on this page. 

Ipi17: VisitStart The date and time when the first feedback of this visit 

was received. 

Ipi18: VisitEnd The date and time when the last feedback of this visit 

was received. 

Ipi19: VisitedAreaRatio Fraction of the page, which was visible for the user. 

𝒊𝒑𝒊𝟏𝟗 =
𝒊𝒑𝒊𝟕,𝒙×𝒊𝒑𝒊𝟕,𝒚

𝑪𝟏,𝒙×𝑪𝟏,𝒚
 

Ipi20: 

RelativeScrolledDistance 

Scrolled distance related to the total scrollable 

width/height (e.g. if both page and browser window are  

of equal height, the scrolling is not possible). 𝒊𝒑𝒊𝟐𝟎,𝒙 =
𝒊𝒑𝒊𝟔,𝒙+𝑪𝟐,𝒙

𝑪𝟏,𝒙
, 𝒊𝒑𝒊𝟐𝟏,𝒚 =

𝒊𝒑𝒊𝟔,𝒚+𝑪𝟐,𝒚

𝑪𝟏,𝒚
 

Ipi21: 

ObjectsNoticeability 

For each object listed in c7 compute its noticeability, 

e.g. total time, the object was presented in the browser 

visible area. 



 

48 

 

Let us now describe some context features and IPIs in more detail. Context feature 

c0 mainly informs us about expected state of user to e-commerce interaction and his/her 

needs. Comparison between page and browser visible area sizes (c1, c2, c3) is crucial to 

determine necessity of scrolling the page (ipi5, ipi6, ipi7) and also serves as natural rate 

of the scrolled distance (ipi19, ipi20). Number of images, links and text (c4, c5, c6) serves 

as a proxy to the page complexity, which should affect the volumes of user actions 

needed to fully evaluate the page. For example the page with higher amount of text 

usually takes longer time to read. Displayed objects (c7) provides us also with some 

insight on the page complexity. However more importantly we can assume some level 

of user evaluation on each displayed object (ipi21). We elaborated this idea more in 

sections 4.5.1 and 4.4. 

As for the Implicit Preference Indicators, we further distinguish them to principal 

IPIs based solely on aggregation of user behavior and derived IPIs concerning also 

some contextual information directly.  Indicators ipi0 – ipi13 are principal numerical 

indicators (ipi6 and ipi7 are two-dimensional vectors of numerical values), ipi14 – ipi18 

are principal, non-numeric indicators and ipi19 – ipi21 are derived indicators. Principal 

numeric indicators contain volumes of interaction generated by common user devices 

(mouse, keyboard etc.), or triggered by some GUI component. All of the principal 

numeric indicators has lower bound equals zero (i.e. no interaction was recorded) and 

except for ipi0 and ipi7, they have no upper bound. View indicator possess only a binary 

information and Scrolled Area is bound by the size of the webpage. We consider 

Purchases (ipi13) as a golden standard for the user preference on e-commerce domains.  

Indicators ipi14 and ipi15 are textual indicators and according to our assumption, it 

could be used to represent terms relevant for the user. We however did not incorporate 

them in the models available in this thesis. Indicator ipi16 can be used to reconstruct 

clickstream of the user and might be relevant for graph based or sequence based 

recommender systems. Indicators ipi17 and ipi18 set the visit into the temporal context 

and thus are relevant for sequence and/or temporal aware models21. 

Indicator ipi21 can be used as a proxy to the level of user evaluation for each relevant 

section of the page (objects in our case). 

                                                 
21 Note that DwellTime (ipi2) is less or equal than the difference between VisitEnd and VisitStart 

(ipi18-ipi17). The inequity is possible as the page might have been closed and opened again several times 

during a single session. 
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Note that while creating the list of indicators, we considered the model of HCI as 

described in 3.3.1. As the GUI differs for various vendors, some other vendor specific 

actions might be available, resulting in further indicators describing these specific 

functionalities.  
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4 Interpretation of User Feedback 

4.1 Introduction 

In this section we propose methods to handle “raw” user feedback and transforms it 

to a form more suitable for recommender systems. As input of this transformation we 

consider values of all Implicit Preference Indicators 𝐼𝑃𝐼1, … , 𝐼𝑃𝐼𝑘 and the output is 

inferred user rating �̅� ∈ [0,1]. More formally, we are trying to find optimal function 𝑔. 

 𝑔: (𝐷𝐼𝑃𝐼1
× … × 𝐷𝐼𝑃𝐼𝑘

) → [0,1]. (9) 

Moreover 𝑔 might be dependent also on previous user feedback, object attributes 

and/or collaboratively on other users. 

Our initial approach introduced two-step learning of �̅�. First, each 𝐼𝑃𝐼𝑖 is considered 

separately, resulting in local ratings �̅�𝑖 ∈ [0,1]. Afterwards, the local ratings are 

combined by an aggregation function @. 

 𝑔 ≔  @(𝑔1(𝐼𝑃𝐼1), … , 𝑔𝑘(𝐼𝑃𝐼𝑘)) (10) 

This approach is motivated by a two-step preference learning model by Eckhardt et 

al. [21] and we proposed various learning of 𝑔𝑖 and @ functions in [74, 75, 79, 80, 50, 

85]. 

Later on, we broaden our initial approach by employing the concept of negative 

preference based on implicit feedback. We assume that certain user behavior might 

indicate, that user actually did not like some of the displayed objects and thus we extend 

original 𝑔 definition as follows. 

 𝑔: (𝐷𝐼𝑃𝐼1
× … × 𝐷𝐼𝑃𝐼𝑘

) → [−1,1]. (11) 

We described different variants of employing negative implicit preference in [78, 

81] and partially also in [86]. 

Implicit Preference Relations [86] introduces different approach, which can be 

however combined with the previous ones, as it is based on different segment of user 

feedback. By this approach we aim to learn partial ordering of objects <𝑢 for each user 

𝑢 ∈ 𝑈. 
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In the rest of this chapter, we focus on models interpreting IPIs independently (4.2), 

models combining multiple IPIs (0), models considering user feedback as preferential 

relations (4.4) and models of learning negative preference (4.5). 

4.2 Interpreting Values of Implicit Preference Indicators 

This section describes methods for interpreting values of IPIs. More formally, we 

propose methods 𝑔1, … , 𝑔𝑘, (10) interpreting Implicit Preference Indicators 

𝐼𝑃𝐼1, … , 𝐼𝑃𝐼𝑘 and resulting into the local ratings 𝑟1̅, … , 𝑟�̅�. Intuitivelly, the higher value 

of any IPI should implicate higher degree of user preference, however the dependence 

might be non-linear and/or user-specific and there might be some relevant exceptions. 

Another task is to make values of different IPIs comparable between each other. 

The proposed methods can be divided into two groups: in collaborative methods we 

employ behavior of other users to determine 𝑟�̅�. In user-based methods we employ past 

user behavior for the same task. We also provide several simple baseline methods to 

be compared with the proposed ones. 

4.2.1 Baseline Methods 

All the baseline methods are based on a simple hypothesis that higher value of any 

IPI indicates higher user preference. The simplest, yet widely used baseline is binary 

user preference expecting object to be relevant if any feedback is given. The local 

rating 𝑟�̅� = 1 IFF the value of 𝐼𝑃𝐼𝑖 > 0, otherwise 𝑟�̅� = 0. 

A slightly more complex baseline method is linear normalization (LN) of IPI value 

to the [0,1] interval. As the majority of IPI has no upper bound22, we use normalization 

to the 90% quantile instead of maximum to omit outliers. For indicator 𝐼𝑃𝐼𝑖, its value 

for current user u and object o and its 90% quantile 𝑄0.9(𝐼𝑃𝐼𝑖), the relation is as follows. 

 
𝑟�̅� = min (1,

𝑣𝑎𝑙𝑢,𝑜(𝐼𝑃𝐼𝑖)

𝑄0.9(𝐼𝑃𝐼𝑖)
)    

 

 

The third baseline method is based on Cumulative Distribution Function23 (CDF) 

of each respective IPI based on the train set values. In this case the 𝑟�̅� rating is the ratio 

                                                 
22 Note that the lower bound is 0 for all considered IPIs 
23 The Cummulative Distribution Function is probability, that given random variable X will be found 

to have value ≤ 𝑥: F𝑋(𝑥) = P(𝑋 ≤ 𝑥). 
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between the number of records with 𝐼𝑃𝐼𝑖 value lower or equal than current record vs. 

the total number of records. 

 

𝑟�̅� =
|𝐼𝑃𝐼𝑖,𝑢′,𝑜′:  𝑣𝑎𝑙𝑢′,𝑜′(𝐼𝑃𝐼𝑖) ≤ 𝑣𝑎𝑙𝑢,𝑜(𝐼𝑃𝐼𝑖)|

∀𝑢′,𝑜′

|𝐼𝑃𝐼𝑖,𝑢′,𝑜′|
∀𝑢′,𝑜′

 

 

Our expectation is that CDF would be more appropriate as the train set volume 

increases and thus CDF should be “smoother”, however linear or other (e.g. 

logarithmical) normalization would be more appropriate for cold-start situations. 

4.2.2 User and Item Based Baselines 

The user and item methods are based on the similar hypothesis as the baseline 

methods (the higher value, the better), the only change is that we consider these 

methods only on the feedback of the current user or object. According to the dataset 

statistics, there are only a few visited objects for each user, so CDF approach is not 

applicable. The situation for objects is better (compare total volumes of objects and 

users), but even though there is a considerable long-tail of objects with only a few 

interactions24.  

Alternatively, we can construct a baseline predictor in a similar way as described in 

Koren et al. [52], using 𝑟�̅� based on train-set wide linear normalization or CDF and add 

user and item biases25. 

 𝑟�̅� =  𝑟𝑖,𝐶𝐷𝐹̅̅ ̅̅ ̅̅ ̅ + 𝑏𝑢,𝐶𝐷𝐹 + 𝑏𝑜,𝐶𝐷𝐹   

4.2.3 Collaborative Purchase Based Methods 

A contrary to the previously mentioned methods, collaborative methods do not 

employ “the higher the better” hypothesis.  

Instead we focused on the interactions which ended up with a purchase of the object 

and assume that user-object interactions with the similar value of the 𝐼𝑃𝐼𝑖 as the 

purchased ones are considered as relevant.  

                                                 
24 Note that 90% quantille value 𝑄0.9 is effective only if there are enough (> 5) user interactions. 
25 We understand user bias as the difference between average user local rating 𝑟𝑖,𝑢̅̅ ̅̅  and overall average 

local rating 𝑟�̅�. The object bias is defined likewise. 
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It is possible to use some standard regression methods to learn dependence between 

purchases and indicator values. Linear, quadratic and peak regressions were evaluated 

in some experiments. 

We also defined two neighborhood-based models of local ratings: Let us have an 

interaction of user u on object o with value of an Implicit Preference Indicator 

𝑣𝑎𝑙𝑢,𝑜(𝐼𝑃𝐼𝑖). Let us first propose two options to define the neighborhood of 

𝑣𝑎𝑙𝑢,𝑜(𝐼𝑃𝐼𝑖). 

 Distance-based neighborhood based on parameter 휀 selects all interactions of 

user 𝑢′and object 𝑜′ for which the value  𝑣𝑎𝑙𝑢′,𝑜′(𝐼𝑃𝐼𝑖) lies within the interval 

[(1 − ε) × 𝑣𝑎𝑙𝑢,𝑜(𝐼𝑃𝐼𝑖), (1 + ε) × 𝑣𝑎𝑙𝑢,𝑜(𝐼𝑃𝐼𝑖)]. 

 KNN approach selects k interactions with  𝑣𝑎𝑙𝑢′,𝑜′(𝐼𝑃𝐼𝑖) closest to the 

𝑣𝑎𝑙𝑢,𝑜(𝐼𝑃𝐼𝑖). 

With the neighborhood 𝑁 defined either way, we compute its purchase statistics 𝑆𝑁 

as the ratio between the actual number of purchases within the neighborhood 𝑃𝑁 and 

the expected number of purchases 𝐸[𝑃𝑁]𝑢𝑛𝑖𝑓𝑜𝑟𝑚 in the neighborhood if they were 

distributed uniformly (i.e. each interaction has the same probability to end up with a 

purchase). For the total volume of purchases 𝑃𝑎𝑙𝑙, total volume of interactions |𝐼𝑃𝐼𝑖| 

and the volume of interactions within the neighborhood |𝑁| the formula is this: 

 
𝑆𝑁 =

𝑃𝑁

𝐸[𝑃𝑁]𝑢𝑛𝑖𝑓𝑜𝑟𝑚
=

𝑃𝑁

𝑃𝑎𝑙𝑙 ×
|𝑁|

|𝐼𝑃𝐼𝑖|

 
 

The 𝑆𝑁 statistics roughly spoken shows the hotspot areas of the  𝐼𝑃𝐼𝑖 domain and 

vice-versa. As the domain of 𝑆𝑁 is [0, ∞), we further transform it via sigmoid function 

into the [0,1] interval. 

 
𝑟�̅� =

2

1 + 𝑒−𝑆𝑁
− 1 

 

In contrast to the usage of CF approaches on objects, we won’t get to the 

dimensionality problems so easily in this case as the number of preference indicators 

is fixed. We evaluate methods for IPIs values interpretation in an off-line experiment 

(8.1.3) as well as in an on-line A/B testing (8.2.3). 
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4.2.4 Intra-Object Normalization 

We are aware of the possible dependence of IPIs on some page and user’s device 

features. We described in detail all considered features in 3.5, so let us remind some 

examples: 

 Number of images 𝐹𝑖𝑚𝑔 

 Number of links 𝐹𝑙𝑖𝑛𝑘𝑠 

 Total length of text 𝐹𝑡𝑒𝑥𝑡 

 Percentage of page visible area 𝐹𝑣𝑖𝑠𝑖𝑏𝑙𝑒 

 Device type 𝐹𝑑𝑒𝑣𝑖𝑐𝑒 

We understand these features are certain form of baseline predictors, so we consider 

each value of IPI to be composed from bias and actual signal data: 

 𝑣𝑎𝑙𝑢,𝑜(𝐼𝑃𝐼𝑖) = 𝑣𝑎𝑙𝑢,𝑜
̅̅ ̅̅ ̅̅ ̅̅ (𝐼𝑃𝐼𝑖) + 𝑏𝑖𝑎𝑠𝑖(𝐹1, … , 𝐹𝑘)  

We can use e.g. linear combination of features minimizing square error of 

considered 𝐼𝑃𝐼𝑖 as bias estimation: 

 𝑏𝑖𝑎𝑠𝑖 = 𝑏0 + ∑ 𝑏𝑗 ∗ 𝐹𝑗

∀𝑗

 
 

As the large portion of 𝐼𝑃𝐼𝑖 values (at least in our datasets) is highly skewed, we 

suggest considering also log-linear model: 

 ln (𝑏𝑖𝑎𝑠𝑖) = 𝑏0 + ∑ 𝑏𝑗 ∗ 𝐹𝑗

∀𝑗

 
 

We only conducted some initial experiments on incorporating contextual features 

(8.1.5). The results were however quite promising and we plan to continue on this 

subject in our future work. 

4.3 Combination of Implicit Preference Indicators 

In our work we have to deal with multiple indicators of user preference induced 

from the user behavior. Intuitively the indicators may have various importance and 

predictive value and their different combination may change the interpretation of user’s 

preference. Having preference expressed in this way, the need for preference 

aggregation emerges. 
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In this section we describe several models of IPI aggregation.  Formally, we are 

looking for aggregation function @: 

 @(𝐷𝐼𝑃𝐼1
, … , 𝐷𝐼𝑃𝐼𝑘

) → [0,1] (12) 

In order to construct aggregation function @, we can (but don’t have to) use methods 

transforming original IPIs into local ratings 𝑟�̅� (11).  

One of the important features of our aggregation models is monotonicity. Having an 

aggregation function @(𝑟1̅, … , 𝑟�̅�) → [0,1] and two sets of local ratings 𝑟1,𝑖̅̅ ̅̅ , 𝑟2,𝑖̅̅ ̅̅ , the 

following implication holds: 

 (∀𝑖: 𝑟1,𝑖̅̅ ̅̅  ≥ 𝑟2,𝑖̅̅ ̅̅ ) => @(𝑟1,𝑖̅̅ ̅̅ ) ≥ @(𝑟2,𝑖̅̅ ̅̅ ) (13) 

 

The rest of this section describes various models of constructing @ function. The 

Hierarchical model of Implicit Preference Indicator aggregation is proposed in 4.3.1. 

The compensatory model based on fuzzy logic theory is proposed in 4.3.2. We also 

briefly describe some relevant machine learning techniques suitable for this task in 

4.3.3. The common denominator of all approaches is the necessity to ignore differences 

between users due to the high sparsity of the dataset and very low volumes of 

interaction for the most of the users.  

4.3.1 Hierarchical Model of IPIs Aggregation 

In our first aggregation model, we introduce hierarchical structure of Implicit 

Preference Indicators (IPI). The main inspiration for this model comes from the 

Preference SQL system by Kiessling et al. [46]. Preference SQL is an extension of 

common SQL databases capable to answer preferential queries. Preference SQL 

defines several patterns on how to express preferences (called soft conditions) on an 

attribute e.g. “prize around 2000” or “Highest distance” etc. Each soft condition 

assigns to each object value from [0, 1] interval. Then they defined three types of 

operators combining soft conditions together: 

 Prior to Operator: preferring one (or more) condition against others. 

 Ranking Operator: combine conditions by a ranking function (e.g. weighted 

average).  

 Pareto Operator: combine equally important conditions, or conditions where 

their relation is unknown and create Pareto front.  
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We use the idea of combining soft conditions in a following way. First we apply 

some methods for learning local ratings from IPI values (𝑔1, … , 𝑔𝑘 functions as defined 

in 4.2). The received list of local ratings 𝑟1̅, … , 𝑟�̅� ∈ [0,1] represents user preference 

estimation based on a single Implicit Preference Indicator. The second step is to learn 

importance 𝑤𝑖 of each indicator 𝐼𝑃𝐼𝑖. We described various estimations of importance 

in 4.3.1.3, please refer there for details. The IPIs are ordered by its importance in non-

increasing order. According to the importance of two consecutive IPI, one combination 

operator is used. The preferring operator is used if the difference26 in importance of 

two consecutive IPIs is above threshold t1. The pareto operator is used if the difference 

is below threshold t2 and the ranking operator is used otherwise with the weighted 

average (weights based on importances of the indicators) as ranking function.   

4.3.1.1 Example of Hierarchical Model 

We will demonstrate behavior of hierarchical model on a small two-dimensional 

example: Table 4 contains four objects and their scrolling and time on page feedback 

for arbitrary fixed user.  The values are visualized on Figure 7: as you can see, each 

aggregation operator would produce different ranking of objects.  

Table 4: Example of Implicit Preference Indicators of arbitrary fixed user. The first value in 

second and third column is estimated local rating, the value in brackets is the original IPI 

value. 

Object Number of Scrolling Dwell Time 

Object1 1.0 (e.g 10 times) 0.4 (e.g. 200sec) 

Object2 0.7 (e.g 7 times) 1.0 (e.g. 500sec) 

Object3 0.8 (e.g 8 times) 0.6 (e.g. 300sec) 

Object4 0.4 (e.g 4 times) 0.3 (e.g. 150sec) 

 

Figure 7: Combining single implicit factor values into the preference for objects from Table 

4. 

                                                 
26 Based on the selected importance estimation either difference or ratio should be used. 
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We would like to also provide some insight on features of the aggregation operators. 

Assume we have slightly more complex example with following IPIs and its 

importances DwellTime (0.1), Scrolling (0.3), MouseClicks (0.7), PageViews (0.12) 

and MouseMovementTime (0.3). Furthermore assume we set thresholds 𝑡1 = 0.5, 𝑡2 =

0.99, subject to the ratio between two consecutive importances. The aggregation 

function @ would look as follows: 

 @

≔  

(𝑀𝑜𝑢𝑠𝑒𝐶𝑙𝑖𝑐𝑘𝑠) 𝑃𝑟𝑒𝑓𝑒𝑟𝑟𝑒𝑑 𝑏𝑒𝑓𝑜𝑟𝑒                                                  

     𝑃𝑎𝑟𝑒𝑡𝑜(𝑆𝑐𝑟𝑜𝑙𝑙𝑖𝑛𝑔, 𝑀𝑜𝑢𝑠𝑒𝑀𝑜𝑣𝑒𝑚𝑒𝑛𝑡𝑇𝑖𝑚𝑒) 𝑃𝑟𝑒𝑓𝑒𝑟𝑟𝑒𝑑 𝑏𝑒𝑓𝑜𝑟𝑒

𝑊𝐴𝑉𝐺(PageViews[0.12], DwellTime[0.1])                                   

 

 

 

 The first preferring operator effectively split objects into k groups based on the 

value of MouseClicks. The following operators and indicators are always used only 

within the groups and further splits them, when all groups contains at most single 

object, using further indicators is not necessary. 

The pareto operator usually tends to produce larger groups of equally preferred 

objects, roughly spoken it postpones the decision on the lower levels, so it is quite 

impractical to have a pareto front of large number of indicators on the last level of our 

hierarchical model (WAVG should be used instead). The combination of WAVG and 

Pareto might be a bit problematical as the WAVG can be used only on the raw IPIs and 

not on the products of pareto front without further transformation. It is possible to omit 

either one from the model, or evaluate WAVG before pareto (i.e. the expression “A 

WAVG B pareto C” equals (A WAVG B) pareto C).  

4.3.1.2 Evaluation of Hierarchical Model 

The evaluation user preference based on IPIs and hierarchical aggregation @ can be 

performed quite straightforward: we iterate hierarchy levels (based on preferring 

operator) top-down. At each level, we create k distinct groups of (so far) equally 

preferred objects and then recursively apply next level evaluation on each group of 

objects.  

The hierarchical model can naturally return only a ranked list of objects, it does not 

provide simple way to determine expected rating �̅� ∈ [0,1]. The rating can be assets by 
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several approaches, e.g. by allocation of minimal and maximal possible rating to the 

groups of equally preferred objects on each level of evaluation. 

4.3.1.3 Importance of Implicit Preference Indicators 

There are several approaches to define the importance of each IPI. One direction of 

our research went towards defining importance according to the similarity with some 

business-relevant definition of positive preference. In the e-commerce domain, the 

ultimate expression of user’s positive preference on the object is if user buys it. 

Therefore we may state that the importance of purchase IPI is maximal and use e.g. 

Pearson’s correlation metrics (14) to define importance of other IPIs.  

 
𝑤𝑖 =

𝐶𝑂𝑉(𝐼𝑃𝐼𝑖, 𝐼𝑃𝐼𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒)

𝜎(𝐼𝑃𝐼𝑖)𝜎(𝐼𝑃𝐼𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒)
 

(14) 

Another approach based on purchases is to learn importance based on pairwise 

evaluation of purchased and non-purchased objects. Each pair of objects can be ordered 

correctly, incorrectly or equally (both objects have the same local rating). The 

importance is then the inversed Paired Error as proposed in [85].  

For |𝑎𝑙𝑙|, |𝑐𝑜𝑟𝑟|, |𝑒𝑟𝑟|, |𝑒𝑞𝑢𝑎𝑙| standing for the volumes of all, correctly, 

incorrectly and equally ordered pairs respectively the formula is: 

 
𝑤𝑖,𝛼 = 𝛼

|𝑐𝑜𝑟𝑟|

|𝑎𝑙𝑙|
+ (1 − 𝛼)

|𝑒𝑞𝑢𝑎𝑙|

|𝑎𝑙𝑙|
 

(15) 

While having multi-valued golden standard such as likert-scale user rating, other 

approaches are also possible, e.g. based on variance of local ratings (Eckhardt et al. 

[25]). 

We experimented with several basic instances of the hierarchical model in an on-

line experiment. Details can be found in 8.2.4. 

4.3.2 Compensatory Model of IPIs Aggregation 

In this approach we aim to replace weighted average based aggregations by some 

compensatory approaches, namely by S-norms brought from Fuzzy Logic theory. We 

introduced this model in [80], however it was also a part of other works [78, 81]. The 

motivation behind this approach comes from Zimmerman and Zysno [105], stating that 

if users evaluate generally good products, they tend to “forgive” some unpreferred 

features of the product (i.e. their optimization function can be approximated by some 
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fuzzy disjunction). On the other hand if user evaluates generally bad product, his/her 

optimization function is more like a fuzzy conjunction.  

As we focus on recommendation of top-k best objects, we incorporated only the first 

part of the observation and focused on using various families of S-norms to define 

resulting aggregation function @.  

Similarly as in the Hierarchical model, we first apply some methods for learning 

local ratings from IPI values (10). The received list of local ratings 𝑟1̅, … , 𝑟�̅� ∈ [0,1] 

represents user preference estimation based on a single Implicit Preference Indicator. 

In order to be able to fine-tune the aggregation method @, we adopted parametrized 

families of S-norms. The idea is to have a parameter 𝜆, which determines the exact 

form of the S-norm and fine-tune the parameter to derive the best approximation of 

known user ratings. In general, the family is defined by an equation parametrized by 𝜆, 

see for example the Sugeno-Weber (Weber [101]) S-norm formula below: 

 𝑆𝑆𝑊(𝑎, 𝑏) = min (𝑎 + 𝑏 + 𝜆𝑎𝑏, 1);  𝜆 ∈ (−1, ∞)  

After the selection of S-norm family and tuning the 𝜆 parameter, the resulting 

aggregation function would looks as follows: 

 @(𝑟1̅, … , 𝑟�̅�) = 𝑆𝑓𝑎𝑚𝑖𝑙𝑦,𝜆(𝑟1̅, … , 𝑟�̅�)  

4.3.2.1 Tuning the Lambda Parameter 

We tune the 𝜆 parameter based on the 𝑟1̅, … , 𝑟�̅� local ratings and user rating 𝑟 (golden 

standard). We use the monotonicity of S-norms with respect to the 𝜆 (i.e. for 𝜆1 >

𝜆2, 𝑆𝜆1
(𝑎, 𝑏) ≥ 𝑆𝜆2

(𝑎, 𝑏)27). Thanks to the monotonicity of S-norms, we can use binary 

search to fine-tune 𝜆. The algorithm is written in the pseudo-code in Algorithm 2. The 

algorithm maintains three numbers: the actual value of 𝜆, the maximal possible value 

of 𝜆 and the minimal possible value of 𝜆. The search starts by setting 𝜆𝑚𝑎𝑥 and 𝜆𝑚𝑖𝑛. 

The exact values depends on a particular family, in the case of Sugeno-Weber it is -1 

and ∞ respectively. We used empirically defined maximal value instead of ±∞ in the 

implementation. In each step of the binary search we compute the amount of incorrectly 

estimated ratings and based on the threshold the algorithm alters 𝜆𝑚𝑎𝑥 and 𝜆𝑚𝑖𝑛 values. 

The algorithm finishes with the highest lambda with an error below the threshold. 

                                                 
27 Note that for some S-norm families we need to use the inverse value of lambda (1/λ) to hold the 

direction of inequity. 
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Algorithm 2: Tuning the lambda parameter for the families of S-norms. Algorithm performs 

Binary search. The iterations parameter limits the number of steps, the max and min 

parameters are original boundaries for the lambda, TrainSet contains the set of considered 

objects and the threshold limits the ratio of overestimated objects. 

1 Function findLambda(min, max, threshold, TrainSet, iterations){ 

2   𝜆𝑚𝑖𝑛=min; 𝜆𝑚𝑎𝑥=max; i=0; 

3   For(i<iterations){ 

4     𝜆=(𝜆𝑚𝑖𝑛+𝜆𝑚𝑎𝑥)/2; 

5     Err = getErrorRatio(𝜆) = 
|{𝑜∈𝑇𝑟𝑎𝑖𝑛𝑆𝑒𝑡:𝑆𝜆(𝑟1̅̅ ̅,…,𝑟𝑘̅̅̅̅ )>𝑟𝑢,𝑜}|

|𝑇𝑟𝑎𝑖𝑛𝑆𝑒𝑡|
 

6     If(Err ≤ threshold){ 

7       𝜆𝑚𝑖𝑛= 𝜆; 
8     }else{ 

9       𝜆𝑚𝑎𝑥= 𝜆; 
10     } 

11     i++; 

12   } 

13 } 

The getErrorRatio function on line 5 returns the ratio of over-estimated objects 

(i.e. 𝑆𝜆(𝑟1̅, … , 𝑟�̅�) > 𝑟𝑢,𝑜). S-norms in general tends to over-estimate results, so we need 

to lay a threshold on the maximal volumes of the overestimated records. This might 

cause problems in binary settings with rare positive preferences (e.g. if considering 

purchase indicator as preference). We suggest either under-sampling of non-purchased 

objects or add weights to each object to reduce the problem of unbalanced classes.  

If the ratio of over-estimated objects is less than threshold, the current 𝜆 is okay and 

we can try to increase it. Algorithm sets 𝜆𝑚𝑖𝑛= 𝜆 and thus in the next step 𝜆𝑛𝑒𝑤 = ( 𝜆 +

𝜆𝑚𝑎𝑥)/2. 

If the error is greater than threshold, we need to decrease 𝜆 likewise. 

4.3.2.2 Evaluation and Combination of Compensatory Model 

The evaluation of objects based on the Compensatory Aggregation Model is 

straightforward usage of S-norms formulas and its associativity and commutativity 

features. In contrast to the Hierarchical model, the Compensatory Model naturally 

provides estimation of user rating �̅� and not only the ranking of the objects. 

The Compensatory Model can also replace Weighted Average as the Ranking 

evaluation in the Hierarchical model. However there is no natural way to incorporate 
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weights into the Compensatory Model,28 so the replacement should be considered if 

the difference in weights is not too high. 

The evaluation of compensatory models can be found in 8.1.4. 

4.3.3 Machine Learning Approaches for Preference Learning 

Various machine learning algorithms can be used to learn user preference from 

implicit preference indicators. Those algorithms can learn both from raw data or from 

local ratings as interpreted in 4.2. We experimented mostly with M5P decision tree and 

SVM implemented in Weka, some experiments were made with decision tree and linear 

regression implemented in RapidMiner. Especially variants of decision tree seems to 

perform similarly good as the best proposed combination models (8.1.4). 

4.4 Implicit Preference Relations 

In this section we focus not on collecting absolute preferences in the form of user 

rating, but rather relative preferences comparing two objects. We will further denote 

them as Implicit Preference Relations (IPR). We use observations from Section 3.4 

about the context of user choice. We will summarize the observations first and then 

move to the details of IPR definition and collection. 

4.4.1 Collecting Implicit Preference Relations 

 During his/her visit, user often has to evaluate multiple objects at once. Either on 

catalogue pages, after a search query or as recommended items (foremost in State I. of 

e-commerce HCI) a list of objects is presented to the user. The user typically examines 

(some of) them and eventually opens detail of an object (or more objects). We interpret 

this user behavior as follows: 

 User put some effort to evaluate objects (the effort is indicated by user behavior 

e.g. mouse over, scrolling, visible time etc.). 

 If user selects (i.e. click on) some objects and opens their details, these objects more 

likely correspond with his/her preference than others (visible, but ignored). 

According to the hypothesis above, we can create partial preference ordering 

IPRrel: Pref(Visible & clicked) > Pref(Visible & ignored).  

                                                 
28 It is posible to e.g. use weights 𝑤𝑖 ∈ [0,1] and altered local rating 𝑟�̿� = 𝑟�̅� ∗ 𝑤𝑖 , however the mixture 

of both effects should be performed with caution. 
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 However we cannot say anything about objects which were not examined at all (e.g. 

because they were at the bottom of the list and thus not visible). The user could 

have opened them if he/she had noticed them. 

Our approach is illustrated on a sample e-commerce website on Figure 8. 

 

Figure 8: Illustrative example of the collected user behavior. On a sample website (category 

page of a secondhand bookshop) are displayed several objects. Some of them are within 

visible area, some not, depending on the browser properties. Visible area can be shifted by 

scrolling. The click on object link thus can be considered as a behavior favoring this object 

over other visible ones. 

Let us now briefly describe our model of collecting implicit preference relations 

(IPR). For each visit29, IPIget component provides us with location (top-left 

coordinates) of all objects displayed on the page, information about browser window 

size and which portion of the page was visible at each time point. Based on this 

information, one can effectively compute for each displayed object, whether it was 

visible for the user, how long was it visible and e.g. in which part of the visible area. 

Moreover, IPI get also trace whether user follows some links on the page. Thus we can 

also utilize information, whether user opened detail of some of the proposed objects. 

The processing of raw user behavior results into two relational tables, which are used 

in the definition of IPR, 

                                                 
29 By visit we mean that single user opens single webpage on a certain time, so the VisitID comprises 

identification of user, page and temporal context. 

 𝑉𝑖𝑠𝑖𝑏𝑙𝑒(𝑉𝑖𝑠𝑖𝑡𝐼𝐷, 𝑂𝐼𝐷, 𝑂𝑝𝑒𝑛𝑒𝑑, 𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝑇𝑖𝑚𝑒, 𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝑅𝑒𝑙, 𝑛𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝐴𝑏𝑠)       (16) 
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Where: 

 VisitID is an ID of a single visit of a webpage by current user. 

 UID is an ID of a user (e.g. from a cookie). 

 PID is an ID of a page. 

 TemporalIdentification identifies time when the visit occurs (we use number of 

session). 

 TotalTime is total duration of each visit in seconds 

 OID is an ID of object displayed on the webpage identified by VisitID. 

 Opened is binary information whether user opened the detail of the object. 

 VisibleTime is number of seconds, when the object was present at visible area. 

 VisibleRel is relative visit time defined as VisibleTime / TotalTime of the current 

visit. 

 nVisibleAbs is relative visit time related to the 90% quantile of VisibleTime over 

all users and objects 𝑄0.9(𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝐴𝑙𝑙). We use 90% quantile instead of 

maximum because of highly skewed upper bound of VisibleTime. 

 𝑛𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝐴𝑏𝑠 = min (
𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝑇𝑖𝑚𝑒

𝑄0.9(𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝐴𝑙𝑙)
, 1) 

4.4.2 Defining Implicit Preference Relations 

Definition 3 (Implicit Preference Relations). For an arbitrary fixed user, the set of 

triples (𝑜𝑖𝑑1, 𝑜𝑖𝑑2, 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦) is denoted as Implicit Preference Relations (IPRs), if 

the following conditions are satisfied.  

- Both 𝑜𝑖𝑑1 and 𝑜𝑖𝑑2 were proposed to the user during the same visit.  

- Both  𝑜𝑖𝑑1 and 𝑜𝑖𝑑2 were visible.  

- User opened detail of object 𝑜𝑖𝑑1 and ignored (took no action) on object 𝑜𝑖𝑑2.  

The set of all available IPRs for an arbitrary fixed user 𝑢 based on the Visible and 

Visit tables will be denoted as 𝑅𝑢. The intensity of each IPR will be defined later on. 

The algorithm for construction IPRs is a simple query to the Visible and Visit tables 

(16), (17). We are looking for pairs of objects with the same VisitID and non-zero 

VisibleTime, where only one of the objects has indicator Opened=TRUE. 

 𝑉𝑖𝑠𝑖𝑡(𝑉𝑖𝑠𝑖𝑡𝐼𝐷, 𝑈𝐼𝐷, 𝑃𝐼𝐷, 𝑇𝑒𝑚𝑝𝑜𝑟𝑎𝑙𝐼𝑑𝑒𝑛𝑡𝑖𝑓𝑖𝑐𝑎𝑡𝑖𝑜𝑛, 𝑇𝑜𝑡𝑎𝑙𝑇𝑖𝑚𝑒) (17) 
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The 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 of the IPR is based on our notion of probability that user noticed both 

𝑜𝑖𝑑1 and 𝑜𝑖𝑑2 and thus willingly preferred 𝑜𝑖𝑑1 over 𝑜𝑖𝑑2.30 Unfortunately IPIget 

component could not provide us any relevant evidence on whether user truly noticed 

each ignored object. We only have the evidence on opened objects, if we neglect the 

possibility, that objects were clicked by coincidence. For other objects, the probability 

needs to be estimated. Let us introduce the concept of 𝑛𝑜𝑡𝑖𝑐𝑒𝑎𝑏𝑖𝑙𝑖𝑡𝑦, on which we base 

intensities of IPRs. 

Definition 4. Noticeability of object 𝑜 during visit 𝑣 is the probability that user was 

aware and fully evaluated the object proposed during the visit. 

At this stage of work, we opted for a simpler approximation of noticeability by using 

heuristics that the longer is the object visible, the higher is its noticeability (18). The 

equation utilizes relative visible time related to both current visit statistics and global 

statistics across all users.31  

  

 𝑛𝑜𝑡𝑖𝑐𝑒𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑜𝑖𝑑) ∶= 𝑛𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝐴𝑏𝑠 + 𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝑅𝑒𝑙 − (𝑛𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝐴𝑏𝑠 ∗ 𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝑅𝑒𝑙)  (18) 

This definition of noticeability is however a bit unsatisfying as some of the opened 

(and thus also previously noticed) objects may have 𝑛𝑜𝑡𝑖𝑐𝑒𝑎𝑏𝑖𝑙𝑖𝑡𝑦 < 1. Thus we opted 

for rescaling noticeability based on the local evidence and define intensity as a ratio 

between noticeabilities of objects 𝑜𝑖𝑑2 and 𝑜𝑖𝑑1 (19). The noticeability of 𝑜𝑖𝑑1 defines 

upper bound on how much time the user needed in order to evaluate object. 

  

 
𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∶= 𝑚𝑖𝑛 (

𝑛𝑜𝑡𝑖𝑐𝑒𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑜𝑖𝑑2)

𝑛𝑜𝑡𝑖𝑐𝑒𝑎𝑏𝑖𝑙𝑖𝑡𝑦(𝑜𝑖𝑑1)
, 1) 

(19) 

 If the intensity of the relation is below minimal intensity threshold 𝑡𝑖, the 

relation is removed.  

                                                 
30  We need to distinguish such informed decision from the case where user did not select oid2 

because he/she was not aware of its existence.  
31  Noticeability(oid) is defined as probabilistic sum of nVisibleAbs and VisibleRel. We use 

probabilistic sum instead of e.g. average or max as we expect some mutual benefit, if both nVisibleAbs 

and VisibleRel values are high. Other fuzzy-logic disjunctions could be used too, but as this is not the 

key part of the paper, we opted for using a simple one like this. 
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4.4.3 Extending Implicit Preference Relations 

The sole Implicit Preference Relations can be used e.g. to filter out uninteresting 

objects from the search results etc., but its prediction capability is low. In order to 

improve its predictive power, we introduced Extended IPR (Definition 5). 

Definition 5 (Extended IPRs). Let 𝑅𝑢 is the set of all 𝐼𝑃𝑅𝑠 for arbitrary fixed user 𝑢. 

Then the set 𝑅�̂� = {(𝑜𝑖𝑑1, 𝑜𝑖𝑑2, 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦)} constructed from 𝑅𝑢 via Algorithm 3 will 

be denoted as a set of Extended IPRs of this user. 

The construction of extended IPRs is motivated by a common working hypothesis 

of recommender systems. Let us have an arbitrary fixed user, who already expressed 

some preference on a subset of objects. Let us also have some inter-objects similarity 

metric 𝑠𝑖𝑚(𝑜𝑖𝑑𝑎 , 𝑜𝑖𝑑𝑏). The expectation is that preference of objects similar to the 

already evaluated ones will be also similar. Algorithm 3 illustrates in pseudo-code the 

implementation of the mentioned hypothesis for implicit preference relations. 

Algorithm 3 (Extending IPRs). The inputs of the algorithm are set of original relations  𝑹𝒖 

and a similarity metric. The output of the algorithm is extended set of relations 𝑹�̂�. The 

complexity of the algorithm is quadratic in the number of objects, so it is highly 

recommended to set proper minimal similarity threshold 𝒕𝒔 reducing volumes of considered 

objects. Also the object similarity can be precomputed in order to reduce computation time. 

1 Function ExtendIPR(𝑅𝑢,𝑠𝑖𝑚){ 

2  𝑅�̂� = Ø 

3  Foreach((𝑜𝑖𝑑1, 𝑜𝑖𝑑2, 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦1,2) ∈ 𝑅𝑢){ 

4   Foreach((𝑜𝑖𝑑𝑎, 𝑜𝑖𝑑𝑏): 𝑠𝑖𝑚(𝑜𝑖𝑑𝑎, 𝑜𝑖𝑑1) > 𝑡𝑠 & 𝑠𝑖𝑚(𝑜𝑖𝑑𝑏 , 𝑜𝑖𝑑2) > 𝑡𝑠){  

5     𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑎,𝑏 = 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦1,2 ∗ 𝑠𝑖𝑚(𝑜𝑖𝑑𝑎, 𝑜𝑖𝑑1) ∗ 𝑠𝑖𝑚(𝑜𝑖𝑑𝑏 , 𝑜𝑖𝑑2); 

6     Add (𝑜𝑖𝑑𝑎 , 𝑜𝑖𝑑𝑏 , 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑎,𝑏) to 𝑅�̂�; 32    

7   } 

8  } 

9  Return 𝑅�̂�;} 

Although it is also possible to use collaborative-based object similarity e.g. as 

defined by Linden et al. [59], we opted for using content-based inter-object similarity. 

The reason is that collaborative algorithms in general perform poorly on small e-

commerce domain due to very high data sparsity. In the experiments was used cosine 

similarity of the vectors of binarized content-based attributes with TF and TF-IDF 

weighting scheme.  

                                                 
32   If there is already a relation (𝑜𝑖𝑑𝑎 , 𝑜𝑖𝑑𝑏 , 𝑖𝑛𝑡)  presented in 𝑅�̂�, the intensities are summed, if there 

is already a relation (𝑜𝑖𝑑𝑏 , 𝑜𝑖𝑑𝑎 , 𝑖𝑛𝑡)  in 𝑅�̂�, the intensities are substracted and only the relation with 

higher intensity is retained. 



 

66 

 

The minimal resulting intensity threshold 𝑡𝑟 can be applied removing all relations 

with intensity less than 𝑡𝑟 from 𝑅�̂�.  

The common way of recommending objects to the users is to show them ranked list 

of top-k best objects. We propose the algorithm for recommending based on implicit 

preference relations in Section 6.6. Evaluation of the whole approach can be found in 

8.1.7. 

4.5 Negative Implicit Preference 

During the early research on implicit feedback, the general agreement was that the 

implicit feedback cannot express negative user preference and also that absence of the 

feedback also does not implies negative preference (Hu et al. [40]). Some later studies 

however challenges this assumption defining models of both negative and positive user 

preference based on implicit feedback (Holub and Bielikova [38]; Parra et al. [69]). 

Our approach takes advantage of rich variety of observed user behavior to expose 

behavior indicating negative user preference. In our early work we focused on feedback 

provided by the users on the list of recommended objects (4.5.1), later on we tried to 

determine local negative preferences in our two-step model (4.5.2). 

4.5.1 Negative User Preference through Visible & Ignored behavior 

Our initial hypothesis about negative user preference from implicit feedback 

considered user behavior on the list of recommended objects. If an object is displayed 

as a recommendation to the user several times and he/she makes no action to explore it 

in more detail, then user probably do not prefer this object. This is a variant of approach 

by Lee and Brusilovsky [56] in a job recommender, where job which was opened but 

not bookmarked was considered non-preferred.  

Although in its outline the idea is simple, the detailed implementation provided 

some challenges. First we would like to present theoretical background. 

Let us first define some assumptions on capability of user perception.  

Definition 6: Closed World Assumption (CWA)  

Closed worlds are such environments, where user knows all possible values of an 

attribute. This assumption is called Closed World Assumption or CWA. 

The important consequence of CWA is this: user do not visit some objects only 

willfully, not because he/she is not aware of its existence (we neglect cases where 
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website GUI do not allow users to express their preferences accordingly). In general, 

we cannot secure that e-commerce is CWA environment. In fact one of reasons to use 

recommender systems is that the e-commerce are not Closed World domains. In our 

early research we operated with relaxed version of CWA.  

Definition 7: Local Closed World Assumption (L-CWA)  

Locally Closed worlds are such environments, where user notices all information, 

which was displayed to him/her. Specifically he/she notices all displayed objects and 

its attributes. This assumption is called Local Closed World Assumption or L-CWA. 

The L-CWA is slightly more realistic than CWA. The consequence of L-CWA is 

that whether some objects were proposed to the user, he/she ignores them willfully (i.e. 

he/she knows about its existence, but did not consider them interesting). Thus the 

immediate response to the proposed&ignored behavior should be removing ignored 

objects from future recommendations, stating �̅�𝑖𝑔𝑛𝑜𝑟𝑒𝑑_𝑜𝑏𝑗𝑒𝑐𝑡𝑠 = −1. 

However depending on the website layout, recommended objects might not be so 

noticeable (L-CWA does not fully hold). If all objects are displayed on similar position 

within the layout (e.g. bottom-left corner of the page), we can use Probabilistic Local 

Closed World Assumption. 

Definition 8: Probabilistic Local Closed World Assumption (PL-CWA)  

Probabilistic Local Closed World Assumption (PL-CWA) states that whenever a page 

containing objects is shown to the user, each object has the same probability 𝑝𝑛 =
1/𝑘  to be noticed by the user (and probability 1 − (1 𝑘)⁄  that user unwillingly 

ignored it). 

We defined PL-CWA with 1 𝑘⁄  probability as we want to stress expected geometric 

distribution of user behavior, where 𝑘 is expected number of trials needed for the user 

to notice the object. With PL-CWA, we can define noticeability 𝑃𝑘,𝑙 of each object 

displayed to the user based on 𝑙: number of how many times was the object proposed 

to the current user and k parameter from PL-CWA. We define noticeability as 

probability that user noticed object being proposed 𝑙 times33: 

 
𝑃𝑘,𝑙 = 1 − (

𝑘 − 1

𝑘
)

𝑙

 
(20) 

Now we can define inferred user rating as follows: if user visits detail of an object 

o, his/her rating is non-negative �̅�𝑜 ∈ [0,1], based on interpretation of user behavior on 

                                                 
33 Note we are using inverse of the probability that user did not noticed the object in each occurence 
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the object detail. If user did not visit detail of the object o, but it was proposed to 

him/her 𝑙 times, the user rating is negative �̅�𝑜 ∈ [−1,0], defined accordingly to the 

noticeability of the object: �̅�𝑜 = −𝑃𝑘,𝑙. 

The approach based on PL-CWA is already quite realistic and useful especially if 

we have only limited knowledge about user behavior. Nonetheless, if we have detailed 

information about user behavior, we can refine our approach further and define 

noticeability for each object separately, based on some user behavior relevant for object 

evaluation.  

More specifically, for each proposal of object to the user we define level of 

evaluation 𝑝𝑢,𝑜,𝑖, where i stands for i-th proposal of object o to the user u. The semantics 

is following: 𝑝𝑢,𝑜,𝑖 = 1 means full evaluation, user definitelly noticed the object, 

𝑝𝑢,𝑜,𝑖 = 0 means that user could not noticed the object at all. Values in between stands 

for the level of user evaluation. Now we can redefine noticeability of object o with 

respect to the user u as follows34: 

𝑃𝑢,𝑜 = 1 − ∏(1 − 𝑝𝑢,𝑜,𝑖)

∀𝑖

 

The exact definition of 𝑝𝑢,𝑜,𝑖 depends on what behavior is available and expected to 

be relevant. Let us introduce an example similar to the approach used on IPRs (4.4). 

Let’s have user u, browsing a webpage containing a list of objects 𝑜1, … , 𝑜𝑚. Let’s 

assume we collected information about page size, browser window size and position of 

all objects within the page. Moreover assume we have a listener to the scrolling event 

and thus know what part of the page is currently visible. Considered all together, at 

each moment of the visit we can compute whether any of the object is visible and on 

what segment of the browser window. We can use e.g. normalized object visible time 

𝑡𝑜 as a proxy to the level of user evaluation: 𝑝𝑢,𝑜,𝑖 = min (1,
𝑡𝑜

𝑡𝑚𝑎𝑥
) with parameter 𝑡𝑚𝑎𝑥 

can be defined e.g. as 90% quantille of evaluation times. Another option is to use 

cumulative distribution function (CMF) for evaluation time of clicked objects 

𝐶𝑀𝐹𝑡_𝑐𝑙𝑖𝑐𝑘𝑒𝑑: ℝ0
+ → [0,1] and state 𝑝𝑢,𝑜,𝑖 = 𝐶𝑀𝐹𝑡𝑐𝑙𝑖𝑐𝑘𝑒𝑑

(𝑡𝑜). 𝐶𝑀𝐹𝑡𝑐𝑙𝑖𝑐𝑘𝑒𝑑
(𝑡𝑜) returns 

portion of clicked objects whose evaluation time 𝑡 was smaller 𝑡 ≤ 𝑡0. Inference of 

                                                 
34 Note that we use the same approach as in (20), except that each trial has different probability of 

success. 
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user evaluation can be further refined e.g. by eye-tracking, mouse position detection, 

visible area segmentation etc. 

We conducted an on-line experiment based on the PL-CWA assumption. Results 

can be found in 8.2.5. 

4.5.2 Local Negative User Preference 

Our second approach on learning negative user preference is complementary to the 

previous one. In this model we focus on the feedback provided by the user on the object 

detail page (STATE II. from Figure 6) and expect that some values of the feedback 

infers negative preference and some positive.  

Our approach works in three steps. For each Implicit Preference Indicator 

𝐼𝑃𝐼1, … , 𝐼𝑃𝐼𝑘 we first determine its local rating 𝑟1̅, … , 𝑟�̅� based on any method specified 

in section 4.2. Secondly, we need to set a threshold 𝑡 for the negative preference:  

 Positive preference IFF 𝑟�̅� > 𝑡 

Negative preference IFF 𝑟�̅� < 𝑡 

Neutral preference IFF 𝑟�̅� = 𝑡 

 

Several approaches are possible, we experimented with stating 𝐴𝑉𝐺∀𝑢,𝑜(𝑟�̅�) as the 

threshold, it is also possible to define it as k-th Quantille etc. 

Based on the distance to the threshold value, we can re-scale all local ratings 𝑟�̿� into 

the [-1,1] interval e.g. by employing linear transformation. 

The more interesting part is however how to design aggregation method @ (12) 

combining multiple local ratings 𝑟1̅, … , 𝑟�̅�, some of which might be negative. It is 

possible to use average or weighted average. However we experimented also with 

compensatory approaches that gives additional rating if there are more indicators with 

high local rating and vice versa.   

This approach extends the Compensatory Models for IPI aggregation 4.3.2. As as 

we now have also the information about negative preference, we can focus on both 

parts of Zimmerman and Zysno’s [105] observation. Our proposal uses both S-norms 

and T-norms („fuzzy OR“ and „fuzzy AND“) to derive aggregated user rating. The 

resulting rating is its weighted combination with weight based on the overall value of 

the local ratings. 
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For arbitrary fixed pair of T-norm and S-norm, we first compute average of local 

ratings �̅�𝑎𝑣𝑔 and aggregated ratings based on T-norm �̅�𝑇 and S-norm �̅�𝑆
35. These serve 

as lower and upper bound of our estimation of �̅�. We use �̅�𝑎𝑣𝑔 as estimation whether 

the object is generally good (and thus the user objective function is more towards S-

norm) or vice versa. Based on �̅�𝑎𝑣𝑔 we define weights of T-norm and S-norm ratings 

and use their weighted average to determine final rating �̅�: 

 𝑤𝑆−𝑛𝑜𝑟𝑚 ∶=  (�̅�𝑎𝑣𝑔 + 1)/2

𝑤𝑇−𝑛𝑜𝑟𝑚 ∶=  1 − 𝑤𝑆−𝑛𝑜𝑟𝑚
 

(21) 

Figure 9 shows a simple example for two local ratings and Product T-norm and S-

norm.  

 

Figure 9: Example of combining two local ratings by product T-(co)norms with weights as 

defined in (21). X and Y axis represents values of the local ratings 𝑟1̅, 𝑟2̅, Y axes is the result 

of @() method. The model tends to prefer one good and one bad local rating over two 

medium ratings (e.g. @(0.8, -0.2) =0.474, @(0.3, 0.3) =0.4365). 

                                                 
35 Note that T-norms and S-norms expects its inputs are fuzzy values ∈ [0,1]. In order to comply 

with this request, we transform 𝑟�̿� local ratings as follows: 𝑟�̿� = (𝑟�̿� + 1)/2, the results of T-norms 

and S-norms are transformed inversely. 
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In the experiments we also tried an alternative approach: based on the value of �̅�𝑎𝑣𝑔 

we also adjusts 𝜆 parameter of the T-norms and S-norms (the higher the �̅�𝑎𝑣𝑔 is, the 

more compensatory S-norms and less restrictive T-norms are used). The midpoint 

(�̅�𝑎𝑣𝑔 = 0) is set to correspond with λprod for which current family of T-(co)norm equals 

product T-(co)norm (e.g.  for λ=1 Frank T-norm equals Product T-norm). Other values 

are linearly normalized into interval [λprod, λmax] if �̅�𝑎𝑣𝑔 > 0 or [λprod, λmin] if �̅�𝑎𝑣𝑔 < 0. 

Evaluation of local negative preference model can be found in 8.1.6. 
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5 External Data Sources in Recommender Systems 

5.1 Introduction 

As mentioned in the related work, purely CF algorithms usually cannot perform well 

on small e-commerce vendors and CB or hybrid algorithms should be used instead. 

However the effectivity of CB algorithms is largely affected by the quality of content. 

For some domains it might be difficult to define relevant and informative description 

of its items in general. In domains such as auction servers or used goods shops, there 

is often only one object at stock, so the cost of work for creating informative description 

suitable for algorithmic processing might be simply too high. 

Under such circumstances, it is often worthwhile to look for external data sources 

which could provide relevant information about the objects and/or its relations. The 

primary option for collecting machine readable data is the Linked Open Data Cloud36 

(LOD). Depending on the nature of the considered domain, there might be some better 

options within LOD, however in general DBPedia37 or Freebase38 would provide 

encyclopedic data on a broad range of topics. In some of our previous work [77, 84] 

we used DBPedia to enhance our content model, so we will describe this approach and 

challenges that need to be addressed. 

5.2 DBPedia Data Incorporation 

The DBPedia knowledge is available in RDF format39 and accessible via SPARQL 

endpoints. The SPARQL endpoint is accessible as common HTTP service, so the data 

acquisition consist of posting HTTP request with SPARQL query as a parameter and 

parsing the answer. We can expect that the set of vendor objects and DBPedia objects 

are largely different, so we suggest to ask specific query for each object rather than 

collecting entire DBPedia dataset for a given subdomain.  

Several challenges needs to be addressed in order to effectively use third party 

datasets such as DBPedia: 

- Resource identification. 

                                                 
36 http://linkeddata.org 
37 http://dbpedia.org 
38 http://freebase.com 
39 RDF is a tripple consists of subject, predicate and object. Both subject and predicate should be be 

dereferenceable via URIs. 
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- Feature selection / transformation. 

- Dealing with missing information. 

Resource identification might be very challenging on some domains as there might 

be no unique identifier common for both datasets, or this identifier is available only for 

a portion of objects. As we shown in [84], approximate identification might provide 

better results due to better coverage. 

Feature selection is obviously domain dependent, however we suggest considering 

only direct information available about object, or specific predefined patterns. 

Computing inter-object similarity along long paths in RDF graph would easily become 

computationally unfeasible. For example in [83] (book domain), we considered 

information about book, its author, its categories and super-categories. 

It can be expected that for some objects we won’t be able to collect any additional 

information. The reason is either that the object itself is not present in DBPedia, or that 

we were not able to properly identify it.  Depending on the format of original Wikipedia 

source page, some DBPedia resources might not be properly typed, thus they miss some 

type-specific features (e.g. ISBN for books) and thus might become unavailable for 

unique identification. We provide more information on this problem in [84], however 

it is necessary to balance between proper resource identification and coverage. 

According to our experiments on book domain, the less restrictive resource 

identification usually provides better results.  

However, even while using only approximate resource identifiers, we were able to 

collect additional data only about 41% of books. This is a prime argument against using 

graph-based recommending algorithms such as Musto et al. [64], as the other books 

would become unreachable.  

5.3 Using DBPedia in Secondhand Bookshop Domain 

For this subsection, we chose a Czech secondhand bookshop (7.3) as a target 

domain. We consider the main challenges as follows: 

 There is usually only a single piece of item at the vendor which limits amount 

of work one can afford to describe each item.  

 The book domain unlike e.g. computers or cars is not very well standardized 

in terms of commonly used object attributes and it is also a non-trivial task to 

define such attributes. This fact affects applicability of content-based 

algorithms in general.  
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 Furthermore, there is no good book identifier to match different data sources 

(note that ISBN is due to its structure only poorly applicable40). 

In order to collect information about books, we proposed an architecture shown on 

Figure 10. System maintains one or more SPARQL endpoints to LOD datasets. The 

connections are usually REST APIs or simple HTTP services. Whenever an object of 

the system is created or edited, the system will automatically query each SPARQL 

endpoint with object-specific query.  

Resources are then filtered, modified to fit with predefined object attributes and 

stored in the system triples store or mapped into the object-attribute structure 

immediately (relational database table was sufficient during our experiments).  

 

Figure 10: Top-Level architecture of the system for incorporating LOD: 1A is original e-

commerce system with a content-based or hybrid recommender; 1B is its extension for 

querying and storing LOD datasets. 

Each object is also queried periodically via batch queries as the LOD datasets can 

provide more information over time. We have also considered using local copies of 

LOD datasets. This approach would however result in excessive burden to both data 

storage and system maintenance and also prevent us from using up-to-date dataset. The 

outlined system on the other hand is quite sensitive on quality of service of each LOD 

dataset and, of course, we are limited only to datasets with SPARQL endpoint. 

5.3.1 Incorporating RDF in Recommender Systems 

Unless we want to use specific graph-based similarity measures e.g. SimRank, we 

need to map RDF resources into the Object-Attribute structure. Using graph-based 

algorithms sounds promising, as it can incorporate full structure of LOD subgraph. 

                                                 
40 ISBN was introduced in 1970 which disqualifies older books and it also differs for translated 

versions or different editions of the same book. Another issue is that ISBN is often missing in 

experimented datasets e.g. DBPedia. 
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However we may run into compatibility problems as we are usually able to find 

external data only for a portion of the objects. So we need to have some fallback 

methods for unknown items, which is not necessary if we use standard content-based 

or hybrid algorithm infused with additional data. Another issue would be to carefully 

balance graph-based and fallback methods in order not to favor any group of items over 

the other. So our suggestion is to use graph-based recommenders if the expected 

coverage of objects is high enough (nearing 100%). As the coverage in the tested 

domain is lower (below 50%), we used content-based and hybrid algorithms with 

classical object-attribute structure and thus we needed to introduce some mapping 

between RDF graphs and Object-attribute structure.  

There are in principle three possible mappings. In our initial work [77], we used 

following mapping: 

 RDF Subject ≈ recommendable object (e.g. product of an e-shop) 

 RDF Predicate ≈ Attribute name 

 Set of RDF Objects (with the same Subject and Predicate) ≈ Attribute value 

In such way, we can define specific similarity metric for each attribute, set different 

importance for various attributes (and also set some attributes as irrelevant) etc. Other 

mapping type, which we used later on [84] is binary mapping: 

 RDF Subject ≈ recommendable object  

 <RDF Predicate × RDF Object> ≈ Binary attribute 

Mapping RDF into binary attributes is suitable for some recommending algorithms, 

namely VSM or Content-boosted Matrix Factorization (CBMF), but we need to cope 

e.g. with discretizing numeric attributes. Also the number of attributes can grow 

unbound, rising time demands.  

It is also possible to omit RDF Predicate which will slightly reduce number of 

attributes, reduce errors made by redundancy of DBPedia ontology and allow us to 

match together relevant objects referred under different predicates (e.g. dpedia-

owl:preccededBy and dpedia-owl:followedBy for book series), but on the other hand 

could introduce noise if the same RDF Object (especially literal) is used in different 

roles.  

 RDF Subject ≈ recommendable object  

 RDF Object ≈ Binary attribute 
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So far we took into account only direct properties of each RDF Subject, but it is 

possible to follow longer paths in the LOD graph. However, given that LOD graphs 

grows broad very fast, it is wiser to follow only some specific graph patterns. We did 

this in [83], where we use categories from Wikipedia category tree and its parents and 

grandparents given by the skos:broader predicates. 

5.3.2 Resource Identification and Language Specifics 

The first task in incorporating external datasets is to select suitable candidate 

dataset(s). There are two key limitation to be considered in our approach. Availability 

of SPARQL endpoint is a prerequisite of our framework. The second limitation is a 

lack of common unique identifier for the books. Thus we need to rely on language 

specific information such as title of the book or author name. As the majority of the 

books in the dataset are in Czech language, with Czech-only title, our first option was 

naturally to look for datasets available in Czech. The non-English LOD datasets are 

quite hard to come by, so at the time of the analysis, we found only one suitable 

candidate – Czech DBPedia41.  

The possibility of machine translation was discussed, but our preliminary 

experiments did not support this method as many book names cannot be translated 

literally. Also using neologisms (e.g. Hogfather by Pratchet) or unusual phrases makes 

translation very difficult.  

Instead of translation, we focused on English edition of DBPedia, which contains 

rdfs:label predicate with the name of the resource in each language with corresponding 

Wikipedia page. So for correct mapping, there must exist both English and Czech 

Wikipedia page for the book and the English one must be correctly typed (as dbpedia-

owl:WrittenWork). 

On the first sight, this might seem as an inferior approach to search Czech DBPedia 

directly, which needs just existing, correctly typed Czech Wikipedia page. However as 

our preliminary study showed, many books are incorrectly identified within Czech 

DBPedia (its wiki page does not contain relevant infobox, so the resource is identified 

as owl:Thing and all domain dependent attributes are missing42). English DBPedia thus 

could provide us with additional data to these books. 

                                                 
41 At the time of writing this thesis, there is also multilingual version Freebase available. 
42 See e.g. http://cs.dbpedia.org/page/Matka_(drama) or Figure 11 for examples. 

http://cs.dbpedia.org/page/Matka_(drama)
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5.3.3 Querying Czech and English DBPedia 

We used the combination of author name and book title keyword search and correct 

rdf:type in our first approach [77]. Although this approach provided the best possible 

precision of correctly matched entities, only 1% of books and 6.5% of authors were 

identified this way. In the following work we experimented with queries with higher 

coverage of the target domain and still reasonable precision.  

First, we decided to query for books and authors separately as corresponding 

Wikipedia pages to each resource might not exists. Two types of queries were 

evaluated. Simple keyword search for author name and book title respectively should 

have the highest coverage, but also highest ambiguity (Figure 12a). Let us call them 

keyword queries. Second set of queries adds rdf:type check: dbpedia-owl:Person for 

authors and dbpedia-owl:WrittenWork for books (Figure 12b). Let us call them typed 

queries.  

For the performance reasons, we used non-standard Virtuoso bif:contains filter and 

didn’t set additional conditions to the RDF triples. The mined data was then post-

filtered to omit predicates without relevant information. We also merged some 

predicates, where its objects was of a specific type (e.g. person, written work etc.).  

 

Figure 11: Difference in Czech and English Wikipedia pages: The Hound of the Baskervilles.  

No Infobox can be found in the Czech version. 
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Figure 12: Examples of SPARQL queries: (a) keyword query, (b) typed query for a book 

“Otec Prasátek”, in English “Hogfather”. 

5.4 Combining Multiple DBPedia Language Editions 

We base this section on our work during the ESWC 2014 Challenge “LOD-enabled 

Recommender Systems” [83]. We used similar collecting framework, RDF-attributes 

mapping and CBMF recommending algorithm as mentioned in the previous section. 

The challenge conditions were a bit different from the secondhand bookshop although 

both considered books domain. The challenge was based on LibraryThing43 dataset and 

contained three recommendation tasks:  

 Rating prediction based on rating information (1-5 stars) from users. 

 Top-k recommendation based on binary user feedback. 

 Multicriterial optimization of diversity and relevance based on binary user 

feedback. 

Two differences between secondhand bookshop and ESWC Challenge datasets are 

worth mentioning. First of all, the ESWC Challenge dataset provided DBPedia URI for 

each book, so we did not have to handle missing data or incorrectly identified records. 

Second is generally higher volumes of user feedback (see Chapter 7). As the dataset 

source was not known during the challenge, we worked with the hypothesis that users 

might come from different countries, spoke with various languages and thus language-

specific information may be important. 

We incorporated it in two ways: first we allocated series of binary attributes to 

define, whether a Wikipedia page about the exists book also in other languages: 

                                                 
43 http://www.librarything.com 
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 Available_in_<language>: true/false 

Such information can be easily obtained through owl:SameAs DBPedia predicates, 

which contains (among other)  links to all available Wikipedia language editions about 

the given resource. 

Furthermore if DBPedia language edition exists, we also queried it for further data. 

For the challenge purposes we queried only for wikiPageWikiLink properties 

(containing links to another Wikipedia pages), which is not present in the English 

version of DBPedia.  It is possible to use other properties as well, however we need to 

keep in mind that property names for the same feature (e.g. number of pages) might be 

different for each language edition and that certain features might differ (e.g. due to 

differences between original and translated book edition – see Figure 13).  

 

Figure 13: Differences in Czech and English DBPedia infoboxes of The Return of the king 

book. Note that Czech Infobox contains two additional features (Translator and Czech 

release). Furthermore number of pages and publisher contains different values due to 

differences between book editions. Also other arrays appears different (Genre, Preceded by, 

Language, Country), but the differences are mostly just translations between Czech and 

English. 

It is also possible (if we lack relevant data from other sources) to use Wikipedia as 

a proxy to the book popularity. It is possible to count, how many language versions 

exist and deduce from it the widespread of the book. It is also possible to use number 
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of wikiPageWikiLinks as a proxy to the length of the article and thus its importance 

within each language. 
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6 Recommending Algorithms 

6.1 Introduction 

In the following section we would like to provide overview of recommending 

algorithms used during the experiments. First we provide a list of algorithms used in 

experiments, which we brought from literature. We also describe exact variant of the 

algorithms if necessary. Afterwards, we describe recommending algorithms proposed 

by ourselves.  

6.2 Algorithms Brought from Literature 

Numerous state of the art algorithms brought from literature were used during 

experiments. The algorithms themselves are described in related work, here we focus 

merely on describing the exact variants used in the experiments. 

Vector Space Model (VSM) was implemented according to its description in Lops et 

al. [60]. Document vector was comprised from binarized content-based attributes of 

objects. The attributes weights were mostly defined as TF-IDF and we used cosine 

similarity as objects similarity measure.  

Two-step Model for Preference Learning (TSM) was used with linear, quadratic and 

peak (Eckhardt and Vojtas [26]) regression on local preferences of numerical domains 

and per-value averages on nominal domains. For the global preferences, we used either 

weighted average, or some variant of compensatory aggregations as described in 4.3.2.  

User and Item Based Collaborative Filtering (User/Item CF) were implemented 

according to the description in Sarwar et al. [95]. The User CF results were computed 

upon request, while the similarity of objects (Item CF) is computed regularly after a 

period of time. We use cosine similarity over the vector of user ratings induced from 

IF to determine similarity. Due to the storage effectivity of Item CF, we kept only a list 

of top-k most similar objects for each object, for other objects we define its 

similarity 𝑠𝑖𝑚(𝑜𝑖, 𝑜𝑗) ≔ 0. For each user we maintained the list of visited objects 𝑅𝑢 

(either binary or with associated user rating 𝑟𝑢,𝑜𝑗
̅̅ ̅̅ ̅).  

In implementation of stochastic gradient descent matrix factorization (SGD MF), 

we followed the description in Koren et al. [52]. The number of latent factors, maximal 

number of iterations or maximal runtime is stated in each experiment.  
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The Content boosted matrix factorization method (CBMF) was implemented 

according to Forbes and Zhu [29]. Due to a high time complexity per iteration, affected 

by the number of attributes, we also introduced maximal runtime parameter. 

6.3 Popularity Based on Multiple Feedback Types 

In some of our early experiments we used simple non-personalized approach, 

recommending the most popular items based on multiple Implicit Preference Indicators 

(IPI-popularity). Although the popularity algorithms are often mentioned, we were 

unable to find a paper describing this approach, so we provide a short description here 

in order to avoid confusion. 

Let’s have a list of considered Implicit Preference Indicators (IPIs) 𝑖𝑝𝑖𝑘 ∈ 𝐼𝑃𝐼 

accompanied with weights for each indicator 𝑤𝑘. For each considered object 𝑜𝑖 ∈ 𝐎 

and indicator 𝑖𝑝𝑖𝑘, we first compute its relative local popularity 𝑟𝑖,𝑘̅̅ ̅̅ ∈ [0,1]: 

 𝑟𝑖,𝑘̅̅ ̅̅ =
∑ 𝑖𝑝𝑖𝑘𝑜𝑖

arg 𝑚𝑎𝑥∀𝑜𝑗∈𝑂(∑ 𝑖𝑝𝑖𝑘𝑜𝑗
)
  

Where ∑ 𝑖𝑝𝑖𝑘𝑜𝑖
 is sum of indicator values of all users on object 𝑜𝑖 and denominator 

represents maximal such sum across all objects. We may use also Quantile based 

denominators to filter out outliers. 

Having all relative local popularities 𝑟𝑖,𝑘̅̅ ̅̅  for object 𝑜𝑖, we need to aggregate them to 

a single popularity indicator 𝑟�̅�. Here the situation is very similar to the second step 

(global preferences) of the TSM algorithm, so we can use similar solutions. It is 

possible to use average or weighted average of all local popularities. The weights could 

be set arbitrary, by evaluating each local popularity separately over a success metric or 

by some regression.  

The IPI-popularity algorithm was mostly used in early on-line 2-phase experiments, 

where weight of each IPI (for the second phase of the experiment) was set according 

to the success of recommendation based on a single IPI (in the first phase). 

6.4 Attributes Similarity Filtering 

Attributes Similarity Filtering (ASF) method is partially based on the idea of Two-

step Preference Model (TSM), which was adapted to compute similarity instead of user 

preferences. Similarity is averaged over all attributes, for each attribute type (numeric, 
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nominal, text, set) a specific similarity function was defined. The approach was 

presented and used in our initial work on incorporating LOD on Recommender Systems 

[77]. As we do not report on that experiments in this thesis, we refer interested reader 

to [77] for details of the algorithm. 

6.5 Similar Categories Hybrid Recommender 

Random from similar categories (Random SimCat) is a simple hybrid approach 

based on collaborative similarity of product categories. It is motivated by our early 

experiments on Travel Agency website [72], where recommending random product 

from a category currently visited by the user turns out to be quite a good baseline. 

However, some categories were very narrow, containing only a handsome of objects, 

sometimes even less than intended size of recommended objects list.  

So for such a narrow category, it might be useful to recommend also objects from 

categories similar to the current one. Furthermore there are substantially less categories 

than objects in the dataset (and the list of categories is much more stable), so it is 

possible to use collaborative similarity of categories.  

SimCat first computes lists similar categories Lc<Ci, Sim(C, Ci)> for each product 

category C based on users co-visiting either categories or products from these 

categories. Suppose UC1 and UC2 are sets of users who visited category C1 and C2 

respectively. Then the similarity of categories 𝑆𝑖𝑚(𝐶1, 𝐶2) is defined as Jaccard 

similarity of the user sets: 

 𝑆𝑖𝑚(𝐶1, 𝐶2) ∶=
|𝑈𝐶1∩𝑈𝐶2|

|𝑈𝐶1∪𝑈𝐶2|
   

The list of recommendations is calculated as follows. For arbitrary fixed user U, the 

frequency of his/her visits to all categories is listed. Let 𝐿𝑈 < 𝐶𝑖, 𝐹𝑖 > is the list of 

categories Ci with non-zero frequency Fi. The list is then expanded according to the LCi 

for each category Ci. Recommended objects are ordered according to the corresponding 

category and then randomly. See Algorithm 4 for more details. 

6.5.1 Popular SimCat Recommender 

The motivation for Popular from similar categories (Popular SimCat) algorithm was 

brought from the area of non-personalized recommendations. Our aim was to extend 

approach proposing popular items from the currently visited category to consider also 
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similar categories and user past behavior. The algorithm is almost identical to the 

previously proposed Random SimCat algorithm. In fact only the line 11 needs to be 

changed in Algorithm 4, updating the object scoring function as follows. 

score(Ok) = Sl * popularity(Ok); 

We use total number of visits as the popularity estimation, however other definitions 

are also possible based on the considered success metrics or model of user preferences. 

Algorithm 4 (SimCat Recommender) For user U and list of his/her visited categories LU, the 

method computes expanded list of categories 𝐿�̂�
, which contains original LU and all categories 

similar to theones in LU. The score of category Cj in 𝐿�̂�
 is defined as the sum of all 

similarities Simj to some Ci ∈ LU multiplied by its frequency Fi. Each object Ok receives score 

of its corresponding category Cl plus small random 휀.  

1 function SimCat(U, LU){ 

2  𝐿�̂� = LU; 

3  Foreach(<Ci,Fi> ∈ LU){ 

4   Foreach(<Cj,Simj> ∈ LCi) 

5    if(<Cj,_> ∉ 𝐿�̂�){ 

6     Add <Cj, Simj* Fi > to 𝐿�̂�; 

7    }else{/*suppose <Cj,Sj> ∈  𝐿�̂�*/     

8     Alter value of Sj: Sj += Simj* Fi; 

9  } } } 

10  Foreach(object Ok: Ok belongs to category Cl){ 

11   score(Ok) = Sl + 휀; 
12  } 

13  Order objects according to its score;  

14   return objects; 

15 } 

 Random SimCat and Popular SimCat algorithms can be easily transformed to a non-

personalized version considering only currently opened category. It is expectable that 

due to a rigid preference model (Popular SimCat) and a lot of randomness (Random 

SimCat), these algorithms will not provide the best performance. However, based on 

the difference in performances, it might be interesting to employ such simple and fast 

algorithms in on-line settings with accent on swiftness of the answer. In the default 

setting SimCat computes similarity of product categories as it is natural way to present 

and filter e-commerce datasets, but virtually any nominal attribute or its combination 

can be used. SimCat algorithms were evaluated in 8.1.7. 

6.6 Recommending Algorithm for Implicit Preference 

Relations 

In this section is described our approach to derive recommendations based on 

Implicit Preference Relations. The input of the algorithm is the list of Implicit 
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Preference Relations 𝑅�̂� as described in 4.4 and optionally also initial ranked list of 

objects 𝐿𝑢
̅̅ ̅. Please refer to the Section 4.4 for more details on IPR. The algorithm 

outputs new ranked list of objects compliant with the list of IPRs. So, the algorithm can 

be used either to transform partial ordering induced by IPRs into the ranked list of 

objects or use ranked list from other recommender system and update it according to 

the IPRs. 

6.6.1 Converting IPRs to the Ranked List of Objects 

The common way of recommending objects to the users is to show them ranked list 

of top-k best objects. As our primary task is recommendation, we must be able to 

convert preference relations 𝑅�̂� into the ranked list of objects 𝐿𝑢 and propose its portion 

to the user 𝑢. Each relation 𝑟(𝑜𝑖𝑑1, 𝑜𝑖𝑑2, 𝑖𝑛𝑡) ∈ 𝑅�̂� induces natural ordering 

𝑜𝑖𝑑1 >𝑟 𝑜𝑖𝑑2, so 𝑅�̂� induces partial ordering of all objects. Nonetheless, based on the 

volume of retained relations, many pairs of objects might be incomparable.  

In this section, we propose an algorithm creating ranked list of objects based on the 

induced partial ordering and relation intensities. The algorithm can either create 𝐿𝑢 

solely from these inputs, or consider also another ranked list of objects 𝐿𝑢
̅̅ ̅ created by 

some third party recommending algorithm. This is important as some objects might be 

completely missing in  𝑅�̂� relations (subject of 𝑡𝑠 and 𝑡𝑟 thresholds settings).   

Let us start with the informal description of requirements, the resulting ranked list 

of objects 𝐿𝑢 should fulfill. Suppose some arbitrary fixed relation 

𝑟(𝑜𝑖𝑑1, 𝑜𝑖𝑑2, 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦) ∈ 𝑅�̂�. 

1. The higher the relation intensity is, the better evidence about user preference we 

have. Thus the distance between 𝑜𝑖𝑑1 and 𝑜𝑖𝑑2 in the ranked list should be also 

larger. 

2. If a subset of relations forms a circle, the object with the most intense positive 

relation should have the lowest rank in resulting 𝐿𝑢. The relations with higher 

intensity have priority over the ones with lower intensity. 

3. While merging two orderings a conflict may arise. Suppose 𝐿𝑢
[𝑖]

 is partially 

constructed ranked list: 𝑜𝑖𝑑1, 𝑜𝑖𝑑2 ∈ 𝐿𝑢
[𝑖]

 and Rank (𝑜𝑖𝑑1) > Rank (𝑜𝑖𝑑2) (i.e. 𝑜𝑖𝑑2 

appears on a better position). Suppose we have relation 𝑟(𝑜𝑖𝑑1, 𝑜𝑖𝑑2, 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦) ∈

𝑅�̂�, inducing opposite ordering of objects 𝑜𝑖𝑑1, 𝑜𝑖𝑑2. We should re-rank objects to 
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cope with the new relation 𝑟 only if its intensity is high enough in terms of relative 

distance between 𝑜𝑖𝑑1, 𝑜𝑖𝑑2 in 𝐿𝑢
[𝑖]

. Also the re-ranking should not violate too many 

previously considered relations. 

The Algorithm 5 describes transformation of relations 𝑅�̂� into the ranked list of 

objects 𝐿𝑢. Note that an initial ranked list of objects 𝐿𝑢
̅̅ ̅ from other recommender can 

be passed as input and then re-ranked according to the 𝑅�̂� relations. Otherwise the 

algorithm will build the 𝐿𝑢 list from scratch.  

Algorithm 5 (IPR-rank). Algorithm IPR-rank for merging 𝑹�̂� and 𝑳𝒖
̅̅ ̅ to the ranked list of 

objects 𝑳𝒖. IPR-rank access ordered list of 𝑹�̂� relations starting from smallest intensity and 

then constructs or update ranked list 𝑳𝒖 as follows: If either object mentioned in the relation 

is not yet in the list, it is added to the head or tail resp. to maximize their distance. If they are 

both in the list, but in the opposite order, the relative distance between them (with respect to 

the total number of objects) is calculated. If the intensity of the relation is higher than the 

relative distance, the objects are either swapped, the better is moved forward or the worse is 

moved backward based on the current conflict strategy.  

1 function IPR-rank(𝑅�̂�, conflictStrategy, 𝐿𝑢
̅̅ ̅){ 

2  /*𝑅�̂� is ordered from lower to higher intensity */ 

3   𝐿𝑢=𝐿𝑢
̅̅ ̅; 

4  Foreach((o1, o2, int) ϵ 𝑅�̂�){ /*i.e. o1 is clicked and o2 ignored*/ 

5   if([o1,position1],[o2,position2] ∈ objList){ 
6    if(position1 > position2){ /*i.e. there is a conflict*/{ 

7     relDist = (position2 - position2)/Count(objects) 

8     if(int > relDist){ /*i.e. the relation intensity is significant*/ 

9      switch(conflictStrategy){ 

10       case: forward  

11        Object o1 is moved just before o2 

12       case: backward  

13        Object o2 is moved just behind o1 

14       case: swap     

15        Position of objects o1, o2 is swapped 

16      }  

17     }  

18    } 

19   }else{ 

20    if(o1∉ 𝐿𝑢){𝐿𝑢= o1 CONCAT 𝐿𝑢;} 

21    if(o2∉ 𝐿𝑢){ 𝐿𝑢= 𝐿𝑢 CONCAT o2;} 
22   }  

23  }  

24 } 

We designed three variants of re-ranking of objects with following semantics:  

 If our main intention is to filter out uninteresting objects, the best way is to push 

back objects which are inferior to some others.  

 If we don’t want to miss potentially interesting objects, we should use 

prioritizing variant and bring forward objects with positive relation.  
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 The swap variant utmost take into account the requirement 1 by maximizing 

distance between objects with high-intensity relations.  

The relations are considered according the increasing order of their intensity thus 

the more intense relations are less likely to be overridden. Also each proposed re-

ranking strategy of objects 𝑜𝑖𝑑1 and 𝑜𝑖𝑑2 executes only local change and thus can 

violate only previously considered relations of 𝑜𝑖𝑑1 or 𝑜𝑖𝑑2. The re-ranking is only 

performed if ratio between relation intensity and relative distance is high enough. The 

relative distance check was added as we wanted to avoid situations such as that original 

ranked list was completely overridden by even very weak relations. 

6.6.2 Combining IPR-rank with Other Recommending Algorithms 

One of the disadvantages of sole IPR-rank algorithm is that it mostly can’t rank all 

objects as well as it might not get any relations at all for some users. It is more natural 

for our approach to be combined with some other method capable to provide full list of 

ranked objects for each user. There is basically no restriction on how was this ranked 

list created, also the algorithm could be slightly modified to accept ratings of objects 

as well (we just need to redefine condition on line 8 to take into account difference in 

ratings instead of difference in positions of the objects).  

6.6.3 Implicit Preference Relations - Example 

In this subsection, we would like to illustrate our approach on a small example (see 

Figure 14). Suppose we have user 𝑢 visiting a catalogue page with objects O1 – O8 

(Figure 14a). For time T1 user observes top of the page and after a while, he/she scrolls 

a bit lower (T2) and opens detail of O3. Objects O7 and O8 were outside of the visible 

area. 𝑅𝑢 relations are established according to the Definition 3 (Figure 14b). The 𝑅𝑢 

set is extended via Algorithm 3 into 𝑅�̂�. These relations are processed with IPR-rank 

algorithm (Algorithm 5) together with third party list of recommended objects 𝐿𝑢
̅̅ ̅ 

(Figure 14c), forming updated list of recommended objects 𝐿𝑢 (Figure 14d). Each 

iteration of the updated list of objects 𝐿𝑢
[𝑖]

 for forward and backward conflict strategies 

is shown on the right side (Figure 14e) - objects updated in each iteration are in bold. 

The example was calculated assuming T1=15sec, T2=5sec and 𝑄0.9(𝑉𝑖𝑠𝑖𝑏𝑙𝑒𝐴𝑙𝑙) = 

100sec. 
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 Figure 14: Illustrative example of creation, extension and processing of implicit preference 

relations. 

6.6.4 Extensions and Modifications of IPR Model 

Our model can be extended in several ways, depending on the target domain and 

success metrics, so in this section we would like to provide some insight on which 

changes might be suitable under which conditions. 

 First, the choice of inter-object similarity method is completely orthogonal to the 

other design choices made and content-based similarity was selected due to the features 

of the target domain. It might be interesting to apply some collaborative object 

similarities on domains with lower data sparsity than the experimented ones. 

The current estimation of objects noticeability is rather basic and more features can 

contribute in the formula, namely position of object within the visible area, signals from 

mouse movement tracking, or eye tracking data. 

Also the IPR-rank algorithm belongs to the class of greedy algorithms. We opted 

for this solution for the sake of computation time as the ranked list of objects often 

needs to be computed during runtime. However for scenarios like personalized 

newsletters or similar, where the ranked list can be precomputed, it might be interesting 

to use some global optimizing techniques. 

6.7 Post-processing to Increasing Diversity 

One of the well-known issues of the content-based recommending algorithms is its 

propensity to propose objects very similar to each other. Such recommendations are 

expected to be rather trivial and less helpful for the users.  

a) c) 

e) 

d) 

b) 
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We developed algorithm for post-processing list of recommended objects to 

increase diversity as a part of our work on ESWC 2014 Challenge [83]. The algorithm 

(see Algorithm 6) optimizes Intra-List Diversity (Di Noia et al. [19]) of one (or several) 

selected attributes at reasonable and controllable loss of expected relevance. This fact 

is ensured by specifying input list of possible objects ordered by its relevance. If the 

list is larger, the algorithm would have better chance to provide diverse list of objects. 

On the other hand smaller lists will ensure providing only highly relevant objects.  

The algorithm maintains list of restricted attribute values. If an object is selected, 

then its attribute values are added to the restricted list. Then no other object with the 

same attribute values can be selected as long as the algorithm iterates the whole list.  

Algorithm 6: For producing top-k list of recommending objects, we first produce list of top-

k1: k1 > k best rated objects for each user. Ratio k1 / k =5 appeared best in our experiments. 

The top-k1 is ordered according to the relevance (best objects first). The algorithm iterates 

over the top-k1 list. It will select only objects with different features than previously selected 

objects have (restrictedFeatures list). If no more objects are available and we do not yet 

selected k objects, the restrictedFeatures and  top-k1 is reset and algorithm iterates it again. 

1 function PostProc(List top-k1, k, List features){ 

2  selectedObjects = Ø; 

3   j=0; 

4   while(true){ 

5     rewind top-k1;  

6   set restrictedFeatures to Ø; 

7  

8     for(i=0;i < sizeof(top-k1);i++){ 

9       if(features(oi) ∩ restrictedFeatures == Ø){/*good candidate*/ 
10     j++; 

11     add oi to selectedObjects 

12     add features(oi) to restrictedFeatures; 

13     remove oi from top-k1; 

14  

15     if(j==k){/*we already selected demanded number of 

objects*/ 

16      return selectedObjects; 

17     } 

18    }       

19   } 

20  } 

21 } 

We evaluated the algorithm on a book domain with DBPedia based data and 

diversity defined with respect to the book author in [83]. 

Algorithm could be also slightly changed to e.g. allow fixed maximal number of 

occurrence of an attribute value during an iteration (current implementation allows 

single occurrence).  If more than one attribute type is considered, we can chose how 

the attributes will be stored. If the attribute values are stored as a record on per-object 
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bases, then only objects with exactly the same attribute values as another object will be 

rejected. If we store each attribute value separately (we consider combination of 

attribute values as irrelevant), then any object with single attribute value same as other 

object will be rejected. Both approaches could be combined depending on the target 

domain. 

6.7.1 Example 

We would like to illustrate attributes storage on a small example. Let’s have three 

objects A,B,C with attributes a1 and a2 (e.g. manufacturer and price range). The 

attribute values are shown in the Table 5. 

Table 5: Objects and attribute values example for Diversity Post-processing algorithm 

Object Attribute a1 Attribute a2 

A Lenovo 100-200 

B Acer 200-400 

C Lenovo 200-400 

Let’s suppose objects A, B and C in this order forms list of recommended objects. 

In either way, algorithm selects objects A and B. The restrictedFeatures set for each 

variant would looks like this: 

restrictedFeatures = {<Lenovo, 100-200> , <Acer, 200-400> } 

restrictedFeatures = {<a1=Lenovo>, < a2=100-200> , < a1=Acer>, < a2=200-400> } 

It can be easily seen, that object C will be accepted by the first variant, but rejected 

by the second one. 

6.8 Decreasing Failed Purchases 

We designed an algorithm for decreasing failed purchases in order to support bulk 

offers, one of the common online marketing tools, also in situations with limited 

availability of products. The common way to deliver bulk offers is a newsletter sent to 

the subscribed e-mails. Some studies (e.g. Gorgoglione et al. [34]) proposed using 

personalization to promote uniform bulk offers into the personalized offers sent in 

batches.  

The situation gets more challenging on domains where only a single piece of each 

object is available. Typical examples of such domains are secondhand vendors or 

handcrafted goods. The problem is that after the first successful purchase, the product 

becomes sold out. Imagine now that a regular bulk offer containing object 𝑜 is sent to 
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𝑘 users. Suppose that for 𝑙 < 𝑘 users the object 𝑜 is enough attractive that they are 

ready to buy it. However only the single fastest user can successfully complete the 

purchase, for the remaining 𝑙 − 1 users, who reached the product later on, the product 

would appear as sold out. We call this phenomenon Failed Purchase and expect that 

failed purchases and proposing sold out products in general have negative impact on 

user experience. Furthermore the proposed product occupied position, where other, 

also suitable product might have been placed. 

 The effect of failed purchase might be decreased by using personalized 

recommendations; however it might still cause sewer problems if there are large 

clusters of users with similar preferences. 

Thus, in our work [61], we proposed optimization method minimizing volumes of 

failed purchases. The method works as post-filtering of originally proposed lists of 

recommended objects. 

6.8.1 Post-processing Method Decreasing Failed Purchases 

Let us have a weighted bipartite graph 𝐺(𝑈 ∪ 𝑂, 𝐸) of users 𝑈 (newsletter 

subscribers) and objects 𝑂. The edges 𝐸(𝑢 ∈ 𝑈, 𝑜 ∈ 𝑂, 𝑤 > 0) are supplied by the 

recommending algorithm. The weight 𝑤 represents confidence of recommending 

algorithm towards each recommendation and we further use it as a proxy to the 

probability that user 𝑢 would like to buy object 𝑜. Suppose that provided 

recommendation should contain no more than 𝑘 products. In order to provide such 

recommendations, we need to find a subgraph 𝐻(𝑈 ∪ �̅�, �̅�): �̅� ⊂ 𝑂, �̅� ⊂ 𝐸 where 

∀𝑢 ∈ 𝑈:  0 < 𝑑𝑒𝑔𝐻(𝑢) ≤ 𝑘. 

Common greedy recommendations44 would construct 𝐻  by simply taking 𝑘 

adjectant objects for each user with the highest edge weights and thus maximize overall 

purchase probability 𝑤𝐻 = ∑ 𝑤𝑒∀𝑒∈�̅� . In order to take limited availability of products 

into account, we need to define total weight 𝑤𝑜 of object 𝑜 in graph 𝐻: 𝑤𝑜 =

∑ 𝑤𝑢,𝑜∀𝑢 : (𝑢, 𝑜, 𝑤𝑢,𝑜) ∈ �̅�. 

Now we can construct subgraph 𝐻 that maximizes overall purchase probability 𝑤𝐻, 

respecting thresholds on maximal purchase probability of each object:  ∀𝑜 ∈ �̅�: 𝑤𝑜 ≤

                                                 
44 We do not consider list-wise optimizations improving e.g. diversity or novelty in this scenario 
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𝑡. The optimal solution is NP-complete (see the proof in [61]), so we propose two its 

approximations. 

6.8.1.1 Post-filtering with Threshold on Number of Recommendations 

In this approach, we alter the threshold on object weights on a threshold on the 

degree of object vertexes ∀𝑜 ∈ �̅�: 𝑑𝑒𝑔𝐻(𝑜) ≤ 𝑡. This approximation (for the purpose 

of failed purchase reduction) expects that purchase probability is uniform for all users 

and objects and requires that each object can be proposed to at most 𝑡 users. This 

assumption simplifies the problem of finding optimal 𝐻 to a well known problem of 

finding maximal weight b-matching, with known effective algorithm. 

6.8.1.2 Greedy Post-filtering with Weights Threshold 

The other option is to keep using edge weights for both optimization criteria, but use 

some suboptimal heuristics to construct recommendation graph 𝐻. We used greedy 

method as follows. 

 Iterate all edges 𝑒 ∈ 𝐸  in non-increasing order according to its weights 𝑤𝑒. 

 Add edge 𝑒(𝑢, 𝑜, 𝑤𝑢,𝑜) to 𝐻 iff (𝑤𝑜 + 𝑤𝑢,𝑜) ≤ 𝑡 and 𝑑𝑒𝑔𝐻(𝑢) < 𝑘 

Both proposed approaches to decrease failed purchases were evaluated on a 

secondhand bookshop domain in 8.1.8.  
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7 Datasets 

7.1 Introduction 

In this section we describe datasets used in this thesis. The datasets are either created 

completely by the author of the thesis (Travel Agency and Secondhand Bookshop), or 

3rd party datasets extended by some novel features (Recommending Challenge 

Datasets). All datasets are available online and on the thesis CD in the datasets folder.  

The main purpose of the datasets is to stimulate research on e-commerce 

recommendation, which so far greatly suffers from the lack of publicly available data. 

 

 

Figure 15: Screenshots of the SLAN tour website, A: homepage, B: category page with the 

list of objects (search-result page would looks alike), C: detail of an object. Description of 

the content is highlighted by grey background. 

7.2 Travel Agency Datasets 

The Travel agency dataset comes from Czech Travel Agency SLAN tour45. SLAN 

tour, according to its own meaning, belongs to the medium-sized vendors in the area 

of Czech travel agencies, however with major market share on some subareas (e.g. 

tours visiting sport events). It offers different types of tours ranging from classic 

“seaside” holidays and sightseeing tours to skiing trips, spa resorts or tours to major 

sport events. During the dataset collection, the website received several facelifts, 

however it complies with general e-commerce state model as described in 3.3.1. Figure 

15 shows screenshots of the website as appeared in September 2015. The website 

attracts approximately 500-1000 users per day and generate several purchases daily. 

                                                 
45 www.slantour.cz 
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Before we move to the dataset description, let us first describe some specifics of the 

travel agency domain comparing to other e-commerce vendors. 

7.2.1 Specifics of Travel Domain 

First of all take into consideration frequency of purchases. Tours in general are quite 

expensive product which makes its purchasing frequency low. Most of the user 

purchase tours only once per year or likewise. Also buying more than a single tour at a 

time is extremely rare. This differs from e.g. consumable goods or electronics, where 

the frequency is higher and user often purchases multiple items at once. The latency 

between purchases makes it difficult to track user between two consecutive purchases. 

Cookies identifying users might have been deleted, the user changed his/her device etc. 

More information on this subject can be found in dataset Statistics subsection. 

As for the objects (tours), we may also find some specifics. Majority of the tours 

can be clustered into so called tour series, where each tour is (more less) the same (in 

terms of accommodation, transportation, program etc.) as all others. The tours only 

differ in dates of departure and arrival and pricelist. The tour series generally remains 

available for years, but tour obviously becomes unavailable after its departure date 

expires. This introduces very high object fluctuation46, if we consider tour as our 

objects. We may overcome this by using content-based tours similarity (members of 

the same tour series should receive very high similarity). The other option is to consider 

tour series as our objects, focus on recommending tour series and leave selection of 

tours from tour series on post-processing. The most of our experiments followed this 

path, however the dataset itself provides enough information to handle also the 

previously mentioned variant. 

The last difference we want to mention is the pricelist.  Depending on the tour series, 

there can be several prices listed for each tour. Tours generally allow user to specify 

whether he/she wish to order some complementary services (e.g. facultative trips, 

different accommodation, additional meals etc.). Those complementary services are 

usually displayed in the form of surcharges/discounts, but optionally (especially when 

the difference in services is substantial) several base prices can be displayed. Figure 16 

contains translated example of the pricelist for a tour to the Premier League match. In 

                                                 
46 Travel agencies generally publish tours only for the oncoming session, so the average lifetime 

between creation and expiration of a tour is less than a year. 
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the description of the objects we generally ignore surcharges and discounts as the can 

be very misleading and provide several options to handle multiple base prices. 

 

Figure 16: Example of the tour pricelist (tour to Premier League match Chelsea vs. Norwich 

City, November 21, 2015) 

7.2.2 Basic User Behavior Dataset 

So called Basic User Behavior Dataset was our original approach to collect user 

behavior. The behavior was aggregated for all visits of the object by the respected user 

(i.e. we neglected temporal effect). Only some basic IPIs were collected. The main 

advantage of Basic User Behavior Dataset is duration of its collection (3 years, from 

2012 onwards).  

7.2.2.1 Dataset Description and Statistics 

The dataset is accessible as SQL table Basic_User_Behavior with following 

semantics: 

Basic_User_Behavior(id, UID, OID, IPI_name, IPI_value, lastModified) 

 Id[integer]: autoincremented row identification 

 UID[integer]: user ID 

 OID[integer]: object ID 

 IPI_name[string]: name of the Implicit Preference Indicator 

 IPI_value[float]: value of the Implicit Preference Indicator 

 lastModified[DateTime]: date and time of the last modification of this row 

The dataset contains in total almost 1.9M interactions (734K user-object pairs, 472K 

unique users and 3265 unique objects). The collected Implicit Preference Indicators are 

described in Table 6. 



 

96 

 

Table 6: Description of collected IPIs in the Basic User Behavior Dataset. Occurrence 

column shows the ratio between all object-user pairs and the ones with non-zero value of 

considered IPI 

IPI_name IPI_value Occurrence 

PageViews Number of load() events (i.e. 𝑖𝑝𝑖1 defined in Table 3) 98%47 

DwellTime Sum of time spent on object detail, updated in 30 sec 

period (i.e. 𝑖𝑝𝑖2) 

68%48 

MouseOver Number of mouse_over() events on selected page 

segments (proxy to 𝑖𝑝𝑖3) 

43% 

ScrollCount Number of scroll() events with at least 0.1sec time span 

between each other (proxy to 𝑖𝑝𝑖5)  

46% 

Purchased User finished process to buy the object (i.e. 𝑖𝑝𝑖13) 0.4% 

7.2.3 Extended User Behavior Dataset 

The extended behavior dataset represents feedback collected via IPIget component. 

Compared to the Basic User Behavior it provides shorter period of data tracing 

(September, 2014 to September 2015), but larger collection of IPIs and log of distinct 

user actions.  

7.2.3.1 Dataset Description 

The dataset is accessible as SQL table Extended_User_Behavior. Columns of the 

table corresponds with Implicit Preference Indicators as described in IPIget component 

description 9.1. There are some small nuances compared to the proposed set of IPIs 

defined in section 3.5, as this proposal was affected by the conducted experiments with 

this dataset, however most of information can be reconstructed using the log file.  

 For the sake of space, we will not repeat the whole description of collected features 

here, but only list them and describe specifics of tracing user data on the tour domain. 

The database table has following format: 

Extended_User_Behavior(visitID, UID, OID, SID, PID, pageType, textSize, 

numberOfImages, numberOfLinks, browserWindowSizeX, browserWindowSizeY, 

pageSizeX, pageSizeY, displayedObjects, pageViews, dwellTime, mouseMovingTime, 

mouseMovingDistance, scrollingTime, scrollingDistance, selectCount, copyCount, 

                                                 
47 One possible explanation for PageView occurence being less than 100% is that load() event is 

triggered after the page is fully loaded (including images etc.) so user might perform some actions on 

the page before it was fully loaded and then close it. This foremost affects users with slow internet 

connection or eventually might be caused by server overload. 
48 Note that DwellTime event is first recorded after 30 seconds elapsed and then updated periodically 

each 30 seconds. 
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linkUsageCount, clicksCount, startPurchaseCount, purchaseCount, copyText, 

selectedText, linksUsed, visitEnd, visitStart, LogFile). 

The identifiers of the record are displayed in light blue, the context variables 

(𝑐0, … , 𝑐7) are in green, numerical IPIs (𝑖𝑝𝑖1, … , 𝑖𝑝𝑖13) are in dark blue, the non-

numeric IPIs (𝑖𝑝𝑖14, … , 𝑖𝑝𝑖18) are in violet and finally the log file is in black. 

The UID, OID, SID and PID identifiers stands for user, object, session and page 

unique identification. SID is counted with respect to the user. PID is textual 

representation of vector of variables affecting displayed page content. The variables 

are listed as follows: 

 tourSerieID ( = OID ): identification of a tour series 

 tourID: identification of a single tour (i.e. member of a tour series with 

defined departure dates) 

 accomodationID: ID of a selected accommodation (single accommodation 

property is sometimes shared by multiple tour series) 

 destinationID: ID of a selected destination (i.e. a fraction of a country) 

 country: selected destination country 

 tourType: selected tour type (e.g. sightseeing, spa holidays etc.) 

We can understand page variables as follows: if two users opens pages with the same 

PID at the same time, they should receive the same or similar49 content with the 

exception of personalized areas. We use variables instead of a simple ID to be able to 

employ similar pages detection in a future work. 

Each record is uniquely identified by the visitID column, but a combination of UID, 

SID and PID is also unique. The c0 (pageType) is an enumeration of considered types 

of pages. We included all pages which displays some tours. In contrast to the general 

HCI model (3.3.1), we distinguished State I. (Query) into three subtypes due to 

different presentation layout, which can affect user behavior. The subtypes are 

„homepage“, „catalogue“ and „additional_information“. The semantics of a homepage 

is clear, catalogue page presents results of a user query based on attribute search. The 

additional_information somewhat special for tour domains. It describes certain place 

(e.g. Cordoba, Spain) and also propose tours visiting this place. 

                                                 
49 Unfortunately we were not able to track all relevant variables involved in the content creation (e.g. 

additional search fields), however we selected the most used ones. 
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The c7 (displayedObjects) column is a textual aggregation of list of records. The 

records are separated by a semicolon „;“ and organized as follows: 

 𝑜𝑖𝑑: 𝑝𝑜𝑠𝑋, 𝑝𝑜𝑠𝑌, 𝑏𝑙𝑜𝑐𝑘𝐼𝐷;  

The OID is a tour series identifier, posX and posY are coordinates of the top-left 

corner of the object as displayed on the page. BlockID is currently unused. Its future 

usage is to identify blocks of content determined to display objects.  

Values of all IPIs aggregating temporal duration (ipi2 dwellTime, ipi3 

mouseMovingTime and ipi5 scrollingTime) are in milliseconds. Values of columns 

containing distance or dimensions (c1, c2, ipi4, ipi6) are in pixels. In IPIs containing 

selected or copied text (ipi14, ipi15) each selected/copied block is separated by a 

semicolon. The temporal information (start and end of the visit) is based on the time 

settings provided by the browser, respectively the operating system. We observed some 

outliers in the dataset with respect to the temporal information. Our assumption is that 

this is caused by improper time settings on the client side. Those outliers can be 

identified by comparing visitStart time of nearby records ordered by visitID. VisitStart 

should be ascending with respect to the visitID (except occasionally for small ε caused 

by network latency). 

The general syntax of a logfile entry is  

Datetime; Event; event parameters;\n 

Common event parameters are coordinates, where the event took place, objects on 

which the event occurred and text related to the event. In Source Code 1 we provide 

some examples of the log entries.  

Source Code 1: Example of the log file entries. Each event is named and separated from its 

parameters by semicolon. If a single event is triggered repeatedly, it can be shortened as in 

line 3 and 5. Note that mouse movement and scrolling is sampled every 0.2 seconds. 

1 2015-4-18 11:10:28; Scroll; to:0, 200 

2 2015-4-18 11:10:28; Scroll; to:0, 300 

3 2015-4-18 11:10:29; MouseMove; to:670,364   to:653,588   to:682,541 

4 2015-4-18 11:10:46; Scroll; to:0, 400 

5 2015-4-18 11:10:46; MouseMove; to:780,407   to:653,588   to:682,541 

6 2015-2-24 14:44:26; MouseClick; on oid=3273; 

7 2015-9-2 13:32:9; ForwardedToObject; position=915,437; oid=4509; 

8 2015-2-24 14:44:26; on oid=3273; Select text: několik tisíc křížů 

symbolizuje utrpení Krista 

9 2015-9-2 13:32:9; ForwardedToObject; position=915,437; oid=4509; 
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7.2.3.2 Dataset Statistics 

In this subsection we would like to present some statistics of the Extended Behavior 

Dataset, which could point out interested researcher towards uncommon features of 

this dataset. 

The extended behavior dataset was collected during a period of one year from 16th 

September 2014 to 29th September 2015. The dataset contains in total over 564 

thousands records from 219 thousands users. The dataset contains 12500 distinct page 

IDs, however only 2500 distinct objects. The dataset sparsity can be considered from 

multiple aspects. If we consider user feedback on page IDs, the sparsity is 99.9998%. 

If we consider object IDs and feedback on object details only, the sparsity is 99.9992%, 

however if we consider only completed purchases as feedback, the sparsity is 

99.9997%. On the other hand, if we distribute user feedback on State I. (Query) pages 

over all displayed objects, the sparsity is only 98.04%. Although user did not noticed 

all displayed objects for sure, this was still our main argument to collect feedback not 

only on object detail pages. Table 7 contains basic statistics of the dataset related to the 

different page types. 

Table 7: Statistics about page types. The User and Page IDs are total volumes of distinct 

users/pages, for last four columns the first number is average (e.g. average text size), the 

second one is standard deviation. Note that text size is sum of numbers of chars of all 

displayed text fields (e.g. also text of the links etc.). 

 
Total 

visits 
UserIDs PageIDs TextSize 

No. of 

Images 

No. Of 

Links 

No. Of 

Objects 
Additional 

information 
17708 16082 501 28K (3.6K) 6.6 (3.0) 128.5 (6.2) 1.5 (2.6) 

Catalogue 198188 87223 643 143K (134K) 118.0 (116.8) 337.3 (247.9) 20.9 (24.8) 

Homepage 50879 32702 1 132K (30K) 83.7 (22.1) 409.2 (71.3) 120.5 (28.3) 

Object detail 297572 154149 11325 45K (7.2K) 16.7 (5.7) 161.6 (17.3) 7.0 (0.3) 

Two charts below depicts the most used browser window sizes. The width of the 

browser is more stable (10 most frequent widths covers almost 75% of the visits). This 

suggests that users mostly use maximized browser windows, or at least that they do not 

change browser dimensions too much. On the other hand, we cannot provide any 

insight on browser window heights. This might be caused e.g. by using different 

browser toolbars (usually displayed at the top of the browser window) which shrinks 

the space, where a page is rendered.  



 

100 

 

 

Figure 17: The most frequent values of browser window widths (left) and heights (right) 

The average portion of page visible within the browser window (denoted as c3: 

VisibleAreaRatio in 3.5) is 51% (std=31%). Furthermore as Table 8 shows, except for 

additional information, all page types has a considerable portion of the page content 

initially hidden below the browser visible area. This is our prime argument for 

collecting scrolling and related feedback together with position of various content 

blocks in order to determine its possible impact on the user. 

Table 8: Average values for page visible area on different page types. Standard deviation is 

shown in the brackets. 

 Additional 

information 

Catalogue Homepage Object detail 

Visible area of 

the page 

93.8% 

(33.4%) 

46.6% 

(38.2%) 

30.2% 

(15.5%) 

55.7% (22.7%) 

 

Frequencies of Implicit Preference Indicators varies greatly which may affect its 

usability. Also it might be beneficial if a value of an IPI can be used (as a proxy to the 

user rating) directly without complex transformation, so we also provide Pearsons 

correlation coefficient between each numeric IPI and the purchase indicator (ipi13), 

which we consider as the golden standard of positive user preference. Table 9 contains 

both mentioned values for each numeric IPI. It can be seen, that although there is some 

direct correlation between purchases and some IPIs (pageViews, mouseMovingTime, 

scrollingTime), the dependence is very noisy and thus some further transformation 
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seems important. We can also see that events requiring more user effort (e.g. copying 

text) occurs less frequently than simple ones (e.g. scrolling). 

Table 9: Statistics of numerical IPIs collected on object detail pages. Correlation column 

describes Pearson's correlation of each IPI to the purchaseCount IPI (we consider pairs 

occurring on the same record). Note that linkUsageCount is monitored only on State I. 

(Query) pages and thus we cannot compute its correlation to the purchases occurring only on 

object detail pages. Higher frequencies and correlations are highlighted. 

IPI Frequency Correlation 

All Visits 564347 N/A 

pageViews 99,98% 0,0418 

dwellTime 99,83% 0,0061 

mouseMovingTime 28,26% 0,0156 

mouseMovingDistance 26,86% -0,0001 

scrollingTime 26,27% 0,0046 

scrollingDistance 26,45% 0,0023 

selectCount 1,24% 0,0115 

copyCount 0,55% 0,0070 

linkUsageCount 0,15% NaN 

clicksCount 8,56% 0,0041 

purchaseCount 0,25% 1,0000 

We also computed correlation between all other IPIs collected on object detail 

pages. We saw quite strong correlation between copying selecting text and clicks count, 

which is quite obvious (each copied text must have been selected beforehand, one way 

to copy text is to right-click on it), but also between amount of scrolling, mouse 

movement and clicks count which is more probably caused by common patterns of user 

behavior.  Table 10 shows the statistics.   
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Table 10: Correlation between various IPIs collected on object detail pages. The more 

significant correlations are highlighted. 
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pageViews 1 0.016 0.1317 0.0055 0.0938 0.0057 0.0395 0.0313 0.0767 0.0418 

dwellTime 0.016 1 0.0372 0 0.0381 0.2121 0.0179 0.0176 0.0324 0.0061 

mouseMovingTime 0.1317 0.0372 1 0.0002 0.3789 0.0446 0.176 0.1395 0.3552 0.0156 

mouseMovingDistance 0.0055 0 0.0002 1 0.0042 0.0001 0.0001 0.0001 0.0011 -0.0001 

scrollingTime 0.0938 0.0381 0.3789 0.0042 1 0.0646 0.0841 0.048 0.2432 0.0046 

scrollingDistance 0.0057 0.2121 0.0446 0.0001 0.0646 1 0.0181 0.0175 0.0347 0.0023 

selectCount 0.0395 0.0179 0.176 0.0001 0.0841 0.0181 1 0.5026 0.5135 0.0115 

copyCount 0.0313 0.0176 0.1395 0.0001 0.048 0.0175 0.5026 1 0.221 0.007 

clicksCount 0.0767 0.0324 0.3552 0.0011 0.2432 0.0347 0.5135 0.221 1 0.0041 

purchaseCount 0.0418 0.0061 0.0156 -0.0001 0.0046 0.0023 0.0115 0.007 0.0041 1 

We would also like to provide some insight on session-wide and lifetime-wide 

characteristics of buying behavior.  Figure 18 shows how total number of sessions, total 

number of visited objects and total number of visited pages affects probability that user 

bought something. We can see clear, strong dependence in number of sessions, but also 

increasing number of objects and pages increases probability that user buys something. 

Figure 19 shows the same statistics for pages and objects visited in a single session. 

We can see that the dependence is not so strong here, but we can clearly identify that 

sessions with only one visited objects (1-2 visited pages) are not likely to end up with 

a purchase. Pearson’s correlations of all observed variables are presented in the figure 

titles.    
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Figure 18: Dependence of lifetime user statistics on likelihood of purchase. Pearson’s 

correlation between number of SIDs per user and existence of purchase of this user is 0.169, 

for number of PIDs the correlation is 0.134 and for number of OIDs the correlation is 0.143. 

 

Figure 19: Dependence of session statistics on likelihood of purchase. Pearson’s correlation 

between number of PIDs per session and existence of purchase in the session is 0.100, for 

number of OIDs the correlation is 0.690. 

7.2.4 Content-based Tour Attributes Dataset 

As we stressed several times in this thesis, collaborative filtering in general is not 

suitable for recommending on small e-commerce websites due to very high data 

sparsity. Thus the last part of the Travel Agency Dataset focused on content-based 

features of the tours.  The dataset was collected from the end of September, 2014 to the 

early October, 2015. We have collected in total almost 30000 records about 11896 tours 

belonging to 1663 tour series. Comparing with the Extended Behavior Dataset (section 

7.2.3) we collected considerably less volume of tour series. According to our 

assumption this might be caused by two factors. First, the collection of content was 

deployed slightly later than collection of user behavior and the gap was during session 
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shift, so a lot of new tours appeared. Second, a lot of currently inactive tours are still 

accessible through search engines and thus can attract some sporadic visits. 

The dataset is accessible as SQL table Content_based_tour_attributes. Table 11 

contains description of the dataset columns. 

Table 11: Columns of the Content_based_tour_attributes table and its description. 

ID Attribute Name Description 

𝒂𝟎 ID Auto-incremented id of the record 

𝒂𝟏 
TourSeriesID  

Identification of the tour series (equals OID from basic 

and extended user behavior datasets) 

𝒂𝟐 
TourID  

Identification of the single tour (equals the second 

variable of PID identifier in extended user behavior 

dataset) 

𝒂𝟑 DatesFrom  Departure date of the tour 

𝒂𝟒 DatesTo  Arrival date of the tour 

𝒂𝟓 TourName  Name of the tour series (and also tour if exists) in Czech 

𝒂𝟔 TourDescription  Short textual description of the tour series in Czech 

𝒂𝟕 
TourTypeID  

Identification of the type of the tour series (e.g. 

sightseeing) 

𝒂𝟖 MealType  Identification of the meal type (e.g. half-board) 

𝒂𝟗 
TransportationType  

Identification of the means of transportation (bus, plane 

etc.) 

𝒂𝟏𝟎 
AccomodationType  

Identification of the accommodation type (apartment, 

hotel etc.) 

𝒂𝟏𝟏 AccomodationCategory  Accommodation category (number of stars) 

𝒂𝟏𝟐 CountryList  List of destination countries separated by colon („:“) 

𝒂𝟏𝟑 DestinationList  List of destination areas separated by colon („:“) 

𝒂𝟏𝟒 
AveragePrice  

Average of price of services listed for this tour (i.e. no 

surcharges) in CZK 

𝒂𝟏𝟓 
AveragePricePerNight  

Average of price of services divided by TourDuration in 

CZK 

𝒂𝟏𝟔 
MinimalPrice  

Minimal price for services listed for this tour (i.e. no 

surcharges) in CZK 

𝒂𝟏𝟕 
MinimalPricePerNight  

Minimal price for services divided by TourDuration in 

CZK 

𝒂𝟏𝟖 
MaximalDiscount  

Maximal discount listed for this tour (in CZK or %, se 

the detailed description below) 

𝒂𝟏𝟗 TourDuration  The length of the tour in days 

𝒂𝟐𝟎 AdditionalInformationL

ist  

List of additional information (mostly about 

destinations) available for the tour series 

𝒄𝒂𝟏 ValidFrom  Date from is this tour record active 

𝒄𝒂𝟐 
ValidTo  

Date from which is this tour record inactive (see the 

detailed description below) 

As can be seen from the Table 11, a lot of information is the same for all tours from 

a single tour series. In fact only date and price related attributes (𝑎3, 𝑎4, 𝑎14 − 𝑎18) and 
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rarelly TourDuration or a portion of the TourName differs between tours from the same 

tour series.  

We would like to note interested reader on some specifics of the attributes dataset 

coming from the data structure of the underlined website. If the value of MaxDiscount 

attribute is <= 100, consider it as discount in percent based on the price of ordered 

services. Otherwise it is a fixed discount in CZK per person. The values of meal, 

transportation and accommodation type and accommodation category (𝑎8 − 𝑎11) can 

be considered as ordered variables where the higher value stands for the better service 

(e.g. for 𝑎8 0 = no meal, 1 = breakfast, 2 = half board etc.). On the other hand tour, tour 

series and tour type identifiers (𝑎1, 𝑎2, 𝑎7) are strictly categorical with no ordering at 

all. Finally country and destination lists (𝑎12, 𝑎13) contains mostly real geographical 

locations (note the necessity of translation from Czech), but some tours visiting sport 

events (𝑎7 = 4) contains also names of the sport and event/league in this attributes. 

Some of the attributes of the tours may change over time. These are especially price 

and discount related information, however – as the tours are „soft“ products  – also 

other attributes might change over time. This led us to introduce context variables 

𝑐𝑎1, 𝑐𝑎2 describing temporal dependence of the attribute informations. The semantics 

of ValidFrom is the date of the first occurence of the tour with the specified attributes 

in the catalogue of the travel agency (i.e. it is either a new tour, or some of its attributes 

were changed). The semantics of ValidTo is the last date, when a tour with specified 

attributes was available in the catalogue of the travel agency (i.e. the tour attributes 

might have changed, the tour was deleted, sold out or the tour already started and it is 

not possible to buy it any more). If ValidTo attribute is NULL, the tour is still available. 

The ValidTo and ValidFrom context is checked and updated once per day. 

7.3 Secondhand Bookshop Datasets 

The Secondhand Bookshop Dataset comes from a bookshop called Antikvariat 

Ichtys50. The bookshop is much smaller enterprise compared to the travel agency. It 

attracts around 100 users per day and generates 1-2 orders daily. Figure 20 shows 

screenshot of the website.  

                                                 
50 http://www.antikvariat-ichtys.cz 
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Figure 20: Screenshots of the secondhand bookshop "Antikvariat Ichtys". The category page 

is displayed on the left (A), the detail of an object is on the right (B). 

Similarly as in the previous section, we will first describe some specifics of the 

domain and then describe parts of the dataset: basic and extended user behavior, 

original content-based attributes and its extension by Linked Open Data (LOD).  

7.3.1 Specifics of Secondhand Bookshops Domain 

One of the main specifics of the secondhand bookshop domain is the limited 

availability of products. Most of the books are available only in a single piece, so a 

direct consequence of a successful purchase is that the book becomes unavailable. The 

limited availability also affects design and usage of the book attributes. Especially for 

cheap books, it is not cost effective to fill in too many attributes as the potential income 

from the sold book would barely cover the cost of work. This problem is well illustrated 

in Bookshop Attributes Dataset (7.3.4). Also considerable portion of secondhand 

bookshops deal with old prints without e.g. ISBN, so the unique identification of the 

books is problematical. 

7.3.2 Basic User Behavior Dataset 

So called Basic User Behavior Dataset was our original approach to collect user 

behavior. To give a brief historical overview, this was the first approach designed to 

collect user feedback and deployed in 2010. The Basic User Behavior from Travel 
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Agency Dataset (deployed in 2012) represents a minor revision of this approach and 

Extended User behavior of both datasets (deployed in 2014) represents our approach 

up to the present. Section 3.5 represents a minor revision of the current approach based 

on the conducted experiments and dataset statistics. Most of the newly introduced 

features can be however constructed from the log of user actions.   

7.3.2.1 Dataset Description and Statistics 

The Basic User Behavior dataset contains only three different types of Binary 

Implicit Preference Indicators: View, MouseOver and SubmitOrder. The dataset is 

accessible as SQL table Basic_User_Behavior with following semantics: 

Basic_User_Behavior(id, UID, OID, IPI_name, IPI_value) 

 Id[integer]: autoincremented row identification 

 UID[integer]: user ID 

 OID[integer]: object ID 

 IPI_name[string]: name of the Implicit Preference Indicator 

 IPI_value[integer]: value of the Implicit Preference Indicator 

The dataset was collected from the beginning of 2010 up to the end of September 

2015 and contains in total over 200K interactions (163K unique users-object pairs, 

134K unique users and 13051 unique objects). The collected Implicit Preference 

Indicators are described in Table 12. 

Table 12: Description of collected IPIs in the Basic User Behavior in Bookshop Dataset. 

Occurrence column shows the ratio between all object-user pairs and the ones with non-zero 

value of considered IPI 

IPI_name IPI_value Occurrence 

View Binary information whether user opened detail of 

the object (i.e. 𝑖𝑝𝑖0 from Table 3) 

100% 

MouseOver Binary information whether the number of 

mouse_over() events on selected page segments 

reached threshold value. 

23% 

SubmitOrder User submitted ordering form (i.e. 𝑖𝑝𝑖12) 2.7% 

Please note that we have slightly less informative attribute regarding purchases. We 

were only able to collect whether user submitted the ordering form. The form is 

completed in one step and contains only user credentials (name, address etc.) and 

preferred type of delivery. Unfortunately we were not able to check whether the 

submitted form was validated.  
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The main reason behind providing also the Basic User Behavior dataset is that 

thanks to the long duration of data collection, we managed to collect considerable 

amount of users and interactions and thus it might be easier to employ collaborative-

filtering methods. Except for this, the dataset is in all aspects inferior to the Extended 

User Behavior dataset described in the next section. 

7.3.3 Extended User Behavior Dataset 

The extended behavior dataset represents feedback collected via IPIget component. 

Compared to the Basic User Behavior the duration of data collection was shorter 

(September, 2014 to September 2015), but a larger set of IPIs was collected and also 

the log of distinct user actions was recorded.  

7.3.3.1 Dataset Description 

The dataset is accessible as SQL table Extended_User_Behavior. The columns of 

the table corresponds with the columns of the Extended User Behavior of Travel 

Agency dataset (section 7.2.3). For the sake of space, we will not repeat the whole 

description of collected features here, but only list them and describe differences of the 

two datasets. The database table has following format: 

Extended_User_Behavior(visitID, UID, OID, SID, PID, pageType, textSize, 

numberOfImages, numberOfLinks, browserWindowSizeX, browserWindowSizeY, 

pageSizeX, pageSizeY, displayedObjects, pageViews, dwellTime, mouseMovingTime, 

mouseMovingDistance, scrollingTime, scrollingDistance, selectCount, copyCount, 

linkUsageCount, clicksCount, startPurchaseCount, purchaseCount, copyText, 

selectedText, linksUsed, visitStart, visitEnd, LogFile). 

The identifiers of the record are displayed in light blue, the context variables 

(𝑐0, … , 𝑐7) are in green, numerical IPIs (𝑖𝑝𝑖1, … , 𝑖𝑝𝑖13) are in dark blue, the non-

numeric IPIs (𝑖𝑝𝑖14, … , 𝑖𝑝𝑖18) are in violet and finally the log file is in black. 

The UID, OID, SID and PID identifiers stands for user, object, session and page 

unique identification. SID is counted with respect to the user. PID is textual 

representation of vector of variables affecting displayed page content. The variables 

are listed as follows: 

 pageTemplate: textual identification of a template (search, catalogue, 

objectDetail).  

 category: name of the current category 
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 bookTitle: title of the displayed/searched book 

 authorName: name of the displayed/searched author 

 price: searched value for the „price around“ field in CZK 

We can understand page variables as follows: if two users opens pages with the same 

PID at the same time, they should receive the same or similar content with the exception 

of personalized areas. We use variables instead of a simple ID to be able to employ 

similar pages detection in a future work. 

The c0 (pageType) is an enumeration of considered types of pages. We included all 

pages which display some books. We distinguished State I. (Query) into two subtypes 

due to different presentation templates. The subtypes are „search“ and „catalogue“ 

based on types of user navigation.  

Similarly as in Basic User Behavior dataset, we can only track whether user 

submitted a form with order. We do not consider this feedback as proved purchase and 

thus it is stored as startPurchaseCount indicator (𝑖𝑝𝑖12). 

For detailed specification of context and indicators not mentioned here, please refer 

to section 7.2.3. 

7.3.3.2 Dataset Statistics 

In this subsection we would like to present some interesting statistics of the 

Extended Behavior Dataset, which could point out interested researcher towards 

uncommon features of this dataset. 

The extended behavior dataset was collected during a period of one and half year 

from 6th February 2014 to 6th October 2015. The dataset contains in total over 88K 

records from 49K users. The dataset contains 18217 distinct page IDs and 8947 distinct 

objects. The dataset sparsity can be considered from multiple aspects. If we consider 

user feedback on page IDs, the sparsity is 99.9999%. If we consider object IDs and 

feedback on object details only, the sparsity is still 99.99985%. However if we 

distribute user feedback on State I. (Query) pages over all displayed objects, the 

sparsity gets to more reasonable value 99.997%. Similarly as for the Travel Agency 

Dataset, this is a good argument for collecting feedback on all pages containing objects.  

Table 13 contains basic statistics of the dataset related to the different page types. 

The average portion of page visible within the browser window (denoted as c3: 

VisibleAreaRatio in 3.5) is 31.8% (std=15.7%). Furthermore as Table 14 shows, all 
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page types has a considerable portion of the page content initially hidden below the 

browser visible area. This is an argument for collecting scrolling and related feedback 

together with position of various content blocks in order to determine its possible 

impact on the user. 

Table 13: Statistics about page types. The User and Page IDs are total volumes of distinct 

users/pages, for last four columns the first number is average (e.g. average text size), the 

second one is standard deviation. Note that text size is sum of numbers of chars of all 

displayed text fields (e.g. also text of the links etc.). 

 
Total 

visits 
UserIDs PageIDs TextSize 

No. of 

Images 
No. Of Links 

No. Of 

Objects 

Catalogue 20K 13K 130 48K (15K) 43.7 (17.4) 231.5 (54.5) 39.2 (18.1) 

Search 12K 5K 8888 12K (4K) 4.9 (5.7) 116 (13.3) 3 (5.8) 

Object detail 55K 42K 9198 18K (2K) 11 (0.3) 123.7 (3.4) 9 (0.2) 

 

Table 14: Average values for page visible area on different page types. Standard deviation is 

shown in the brackets. 

 Catalogue Search Object detail 

Visible area of the 

page 

15.2% (13.3%) 34.9% (9.5%) 37.3% (13.1%) 

 

Similarly as for the Travel Agency dataset, we also provide frequencies of numerical IPIs and 

its correlation with startPurchaseCount indicator. Table 15 contains both mentioned 

statistics and Table 15: Statistics of numerical IPIs collected on object detail pages. 

Correlation column describes Pearson's correlation of each IPI to the purchaseCount IPI 

(we consider pairs occurring on the same record). Note that linkUsageCount is monitored 

only on State I. (Query) pages and thus we cannot compute its correlation to the purchases 

occurring only on object detail pages. Higher frequencies and correlations are highlighted. 

IPI Frequency Correlation 

All Visits 87661 N/A 

pageViews 100,0% 0,1311 

dwellTime 99,6% -0,0023 

mouseMovingTime 37,6% 0,3062 

mouseMovingDistance 36,0% -0,0003 

scrollingTime 24,0% 0,2289 

scrollingDistance 24,2% 0,0045 

selectCount 2,6% 0,0629 

copyCount 1,2% 0,0390 

clicksCount 17,0% 0,4329 

linkUsageCount 2,3% 0,0309 

purchaseCount 0,5% 1,0000 
 

Table 16 contains Pearson’s correlation coefficient for all pairs of numerical IPIs. In 

contrast to the Travel Agency dataset, we can see higher correlation between startPurchase 
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and other IPIs. The process of sending order form requires user to click on the „send“ 

button, so we consider the high correlation of clicks and purchases as a mere result of the 

GUI design. On the other hand, correlation of mouseMovingTime, scrollingTime and 

pageViews seems to be non-trivial and worth further studying. Notable is also the absence of 

correlation for the dwellTime.  

In Table 15: Statistics of numerical IPIs collected on object detail pages. Correlation column 

describes Pearson's correlation of each IPI to the purchaseCount IPI (we consider pairs 

occurring on the same record). Note that linkUsageCount is monitored only on State I. 

(Query) pages and thus we cannot compute its correlation to the purchases occurring only on 

object detail pages. Higher frequencies and correlations are highlighted. 

IPI Frequency Correlation 

All Visits 87661 N/A 

pageViews 100,0% 0,1311 

dwellTime 99,6% -0,0023 

mouseMovingTime 37,6% 0,3062 

mouseMovingDistance 36,0% -0,0003 

scrollingTime 24,0% 0,2289 

scrollingDistance 24,2% 0,0045 

selectCount 2,6% 0,0629 

copyCount 1,2% 0,0390 

clicksCount 17,0% 0,4329 

linkUsageCount 2,3% 0,0309 

purchaseCount 0,5% 1,0000 
 

Table 16 can be seen quite strong correlation between time of scrolling, mouse 

movement, clicks and pageViews which according to our expertise is not caused by 

any trivial GUI dependency. Notable on the other hand is almost no correlation for 

scrolling and mouse distance and also dwellTime. This suggest either using mentioned 

IPIs with some page context, or omitting them from collected behavior.  
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Table 15: Statistics of numerical IPIs collected on object detail pages. Correlation column 

describes Pearson's correlation of each IPI to the purchaseCount IPI (we consider pairs 

occurring on the same record). Note that linkUsageCount is monitored only on State I. 

(Query) pages and thus we cannot compute its correlation to the purchases occurring only on 

object detail pages. Higher frequencies and correlations are highlighted. 

IPI Frequency Correlation 

All Visits 87661 N/A 

pageViews 100,0% 0,1311 

dwellTime 99,6% -0,0023 

mouseMovingTime 37,6% 0,3062 

mouseMovingDistance 36,0% -0,0003 

scrollingTime 24,0% 0,2289 

scrollingDistance 24,2% 0,0045 

selectCount 2,6% 0,0629 

copyCount 1,2% 0,0390 

clicksCount 17,0% 0,4329 

linkUsageCount 2,3% 0,0309 

purchaseCount 0,5% 1,0000 
 

Table 16: Correlation between various IPIs collected on object detail pages. The more 

significant correlations are highlighted. 
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pageViews 1.00 0.00 0.25 0.01 0.20 0.01 0.06 0.06 0.25 0.17 0.13 

dwellTime 0.00 1.00 0.03 0.00 0.02 0.20 0.02 0.02 0.02 0.01 0.00 

mouseMovingTime 0.25 0.03 1.00 0.00 0.53 0.04 0.30 0.28 0.62 0.14 0.31 

mouseMovingDistance 0.01 0.00 0.00 1.00 0.08 0.01 0.00 0.00 0.02 0.00 0.00 

scrollingTime 0.20 0.02 0.53 0.08 1.00 0.04 0.14 0.11 0.42 0.11 0.23 

scrollingDistance 0.01 0.20 0.04 0.01 0.04 1.00 0.01 0.01 0.06 0.01 0.00 

selectCount 0.06 0.02 0.30 0.00 0.14 0.01 1.00 0.54 0.53 0.03 0.06 

copyCount 0.06 0.02 0.28 0.00 0.11 0.01 0.54 1.00 0.31 0.02 0.04 

clicksCount 0.25 0.02 0.62 0.02 0.42 0.06 0.53 0.31 1.00 0.14 0.43 

linkUsageCount 0.17 0.01 0.14 0.00 0.11 0.01 0.03 0.02 0.14 1.00 0.03 

startPurchaseCount 0.13 0.00 0.31 0.00 0.23 0.00 0.06 0.04 0.43 0.03 1.00 

7.3.4 Content-based Bookshop Attributes Dataset 

As already mentioned in the domain description, secondhand bookshop provides 

only a limited content-based information about books. However as the collaborative 

filtering is even more challenging on such domains, we decided to provide available 

content-based attributes as well. The bookshop domain is quite dynamic – tens of books 
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are added every week and a single successful purchase often makes the product 

unavailable for another buyer. Thus we adopted similar time-aware model of object 

attributes as in Travel Agency dataset.  

The dataset is accessible as SQL table Content_based_bookshop_attributes. Table 

17 contains description of the dataset columns. 

Table 17: Columns of the Content_based_book_attributes table and its description. As the 

attributes are quite sparse, the frequency of its non-empty values is presented in the last 

column. 

ID Attribute 

Name 

Description Frequency 

𝒂𝟏 OID Unique identification of the book. N/A 

𝒂𝟐 bookTitle 

Title of the book (mostly in Czech, 

occasionally in other languages based on the 

book language) 

99% 

𝒂𝟑 bookAuthor Name of the book author. 83% 

𝒂𝟒 description 
Short textual description of the book (in 

Czech) 
87% 

𝒂𝟓 price Book price in CZK 100% 

𝒂𝟔 category ID of the book category 100% 

𝒂𝟕 publisher Name of the publishing house 15% 

𝒂𝟖 issue Issue number 16% 

𝒂𝟗 pagesCount Number of the pages 26% 

𝒂𝟏𝟎 publicationDate Year of publication 78% 

𝒂𝟏𝟏 bookTranslator Name of the book translator (if any) 2% 

𝒂𝟏𝟐 bookIlustrator Name of the book illustrator (if any) 6% 

𝒄𝒂𝟏 validFrom 
Date, when the book with this attributes 

became available 
N/A 

𝒄𝒂𝟐 validTo 
Date, when the book with this attributes 

became unavailable 
N/A 

 

The Bookshop Attributes dataset have been collected from the end of February, 

2014 to the early October, 2015. We have collected in total almost 14000 records about 

12482 books. Comparing with the Extended Behavior Dataset (section 7.3.3) we 

collected considerably more books. The reason is quite simple – given the total number 

of books and users, it is quite understandable that some books have never been visited.  

In the source database we could trace initial date, when the book was included to 

the catalogue (going back up to 2009). We used this date as an initial validFrom value, 

however we cannot guarantee, that there were no attribute changes before February, 

2014. From this date on, we check for attribute updates on a daily bases. The semantics 
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of ValidFrom is the date of the first occurrence of the book with the specified attributes 

in the catalogue of the bookshop (i.e. it is either a newly added book, or some of its 

attributes were changed). The semantics of ValidTo is the last date, when a tour with 

specified attributes was available in the catalogue of the bookshop (i.e. the book 

attributes might have changed, the book was deleted or sold and it is not possible to 

buy it any more). If ValidTo attribute is 0, the tour is still available. The ValidTo and 

ValidFrom context is checked and updated once per day. The book attributes are 

changed only rarely, compared to the travel agency (average number of records per 

book is 1.1, average number of records per tour is 2.5), so the main reason for using 

temporal context is to know when was each book initially proposed and sold. 

Some of the content-based attributes are filled only occasionally, especially book 

translators, illustrators and information related to the publisher. The textual description 

usually contains information about current state of the book rather than description of 

its content. 

7.3.5 LOD Extension to Bookshop Attributes Dataset 

As the previous section suggests, we do not have too many relevant book attributes 

available. One of our ideas to cope with this problem was to use external data sources 

to fetch further data. This approach is described in the Chapter 5. In this section we 

would like to present the Extended Bookshop Attributes Dataset containing additional 

features mapped from Linked Open Data to (some of) the books from the original 

Bookshop Attributes Dataset. 

7.3.5.1 Dataset Description 

The dataset is accessible as SQL table Lod_extended_bookshop_attributes. Table 

18 contains description of the dataset columns. 

Table 18: Description of the Linked Open Data Extension to the Bookshop Attributes 

Dataset. 

ID Attribute 

Name 

Description 

𝒂𝟎 id Identification of the record 

𝒂𝟏 OID Unique identification of the book. 

𝒂𝟑 featureName 
Textual name of the attribute feature, see the detailed 

description below 

𝒂𝟒 featureValue Value of the specified feature, see the detailed description below 

𝒄𝒂𝟏 dataSource Identification of the source dataset and query type 
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The dataset was collected in April 2015. We used Czech51 and English52 DBPedia 

as source datasets, run queries collecting information about books (identified by 

bookTitle) and authors (identified by bookAuthor) and on Czech DBPedia we also 

perform queries with or without resource type check. The combination of the source 

dataset and the query type is specified in the dataSource (𝑐𝑎1) attribute. We queried 

only for some predefined DBPedia predicates and these were further aggregated to 

better reflect books similarities. Table 19 describes the resulting features. 

Table 19: Description of additional features based on the Linked Open Data extraction. The 

prefix dbp: stands for common dbPedia predicate or ontology namespaces 

http://dbpedia.org/property/, http://dbpedia.org/ontology/, prefix dc: stands for dublin core 

namespace http://purl.org/dc/terms/.  

ID Feature Name Aggregated DBPedia predicates 

𝒇𝟏 Abstract dbpedia:abstract 

𝒇𝟐 Publisher dbp:publisher 

𝒇𝟑 RelatedGenres dbp:genre, dbp:literaryGenre 

𝒇𝟒 RelatedPersons 

dbp:Author, dbp:Writer, dbp:Director, dbp:Artists, 

dbp:Translator, dbp:Characters, dbp:influencedBy, 

dbp:influences, dbp:influenced 

𝒇𝟔 Language dbp:language 

𝒇𝟕 RelatedBooks 
dbp:subsequentWork, dbp:previousWork, dbp:followedBy, 

dbp:precededBy, dbp:notableWork, dbp:knownFor 

𝒇𝟖 
RelatedCategori

es 

dbp:category, dbp:movement, dbp:wikiPageWikiLink, 

dc:subject 

𝒇𝟗 
AuthorOccupati

on 
dbp:occupation 

7.3.5.2 Dataset Statistics 

The dataset contains in total 2.4M records and we were able to collect information 

about 5114 distinct objects (41% of the original dataset). The statistics of each 

dataSource is shown in Table 20. In general we were much more successful in finding 

information about authors than books. However we were able to apply only weak 

validation methods (type check), so some of the books and especially authors might 

have been incorrectly associated. 

Finally, we would like to provide statistics about collected features. Table 21 

contains total number of records and number of distinct objects for each combination 

of featureName and dataSource. The most frequent are categorical information and 

                                                 
51 http://cs.dbpedia.org 
52 http://dbpedia.org 

http://dbpedia.org/property/
http://cs.dbpedia.org/ontology/wikiPageWikiLink
http://purl.org/dc/terms/
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abstract, which are available for almost all objects. Also related genres, books, persons 

and author occupation are quite well populated. 

Table 20: Statistics of covered objects and volumes of collected data for various source 

datasets and query types. Type check column stands whether the query required the resource 

to be correctly typed (writtenWork or Person). DBP:WikiPageWikiLink is an internal link to 

another Wikipedia (dbpedia) page. It is not available for English DBPedia, so the last 

column shows volumes of records without this feature for the sake of comparability. 

Source 

Dataset 

Query 

Type 

Type 

Check 

Covered 

OIDs 

Total 

records 

Records without 

WikiPageWikiLinks 

English 

DBPedia 
Author yes 3632 (29%) 364K 364K 

English 

DBPedia 
Book yes 288 (2.3%) 21K 21K 

Czech 

DBPedia 
Author yes 2505 (20%) 645K 132K 

Czech 

DBPedia 
Author no 3947 (32%) 1159K 221K 

Czech 

DBPedia 
Book yes 115 (0.9%) 6K 1K 

Czech 

DBPedia 
Book no 1049 (8.4%) 218K 28K 

 

Table 21: Number of distinct OIDs and total number of records (in brackets) for each 

combination of featureName and dataSource. 
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Abstract - - 2491 (15K) 115 (189) 3835 (36K) 968 (9K) 

Publisher - 18 (26) - 70 (114) - 319 (1024) 

RelatedGenres 1059 (47K) 85 (334) 218 (402) 63 (116) 402 (1140) 191 (453) 

RelatedPersons 514 (6K) - 163 (996) 112 (257) 158 (983) 231 (776) 

Language 140 (162) 15 (17) - 2 (4) 96 (126) 148 (230) 

RelatedBooks 598 (3K) - 518 (1440) - 516 (1366) 42 (68) 

RelatedCategories 
3631 

(292K) 
288 (20K) 

2505 

(610K) 
115 (5K) 

3947 

(1.1M) 

1047 

(206K) 

AuthorOccupation 2067 (11K) - 883 (3K) - 883 (3K) - 

7.4 Recommending Challenges Datasets 

In this section we will briefly describe three datasets which we created in order to 

compete in three recommending challenges. In our opinion, this section has two 

contributions. First is pointing out the challenges themselves. The challenges had well 

defined datasets, success metrics and evaluation procedure. Furthermore there are lots 
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of published results from the challenge participants, so results of any newly proposed 

approach are comparable with real state-of-the-art approaches at no additional cost.  

Second the datasets themselves provides forward starting point for any researcher 

interested in the domain (not necessarily in the exact task of the challenge). All datasets 

are comprised of original set of entities (users, objects) and its features 𝐹 extended by 

additional set of features �̅� mined from some publicly available sources by the author 

of this thesis. Thus we also provide scripts used to dataset composition, so the datasets 

can be further extended.  

In the rest of this section we provide a brief description of each challenge and details 

of the collected datasets.  

7.4.1 LOD Extension to ESWC 2014 Dataset 

The main motivation for Linked Open Data Enabled Recommender Systems 

Challenge on ESWC 2014 Conference (Di Noia et al. [18]) was to employ publicly 

available 3rd party data in order to improve recommender systems. The challenge 

organizers chose a book domain based on LibraryThing website53 and provided 

participants with user ratings and DBPedia URIs of the objects. Our extension is based 

on querying several language editions of DBPedia: English DBPedia for primary sets 

of features and other editions (Greek, Italian, French, Dutch, Spanish and Polish) for 

additional categories and internal Wikipedia links. We queried all available 

information for book and its author; however some irrelevant features (e.g. caption of 

the photography) were omitted from the dataset. Also we kept only the feature values 

with less than 90% coverage of objects and features with more than one value. The 

dataset has two parts: the original dataset of user interactions and book identification is 

accessible in eswc_challenge_2014_original.zip and the dataset of book features 

collected by us. The collected features are accessible as csv files 

eswc2014_book_features.csv. Each row of the collected data has following structure: 

BookID, featureName, featureValue 

The dataset contains in total 1.6M rows, 8170 distinct objects and contains in total 

62 distinct features with 242K different values. The bookID is identifier of the object 

in other parts of the dataset, features are either raw DBPedia predicates or altered 

                                                 
53 https://www.librarything.com 
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features based on original DBPedia predicates. The altered features are indicated by 

the “meta_” prefix and are described in Table 22. Please note that for the sake of dataset 

size we omit following prefixes from the dataset: “http://purl.org/dc/terms/”, 

“http://www.w3.org/1999/02/22-rdf-syntax-ns#”, “http://(.*)dbpedia.org/property/” 

and “http://(.*)dbpedia.org/ontology/”. Furthermore, we shortened the prefix 

http://dbpedia.org/resource/ to “dbpResource”.  

Table 22: Main features of the ESWC2014 Challenge Dataset. We included all altered 

features as well as some of the most relevant raw predicates. The Objects column indicates 

for how many objects was the specified feature found. 

FeatureName Objects Description 

meta_similarWork 8170 
All notions of related books e.g. followedBy, 

notableWork etc. 

meta_same_as_count 8170 Total number of owl:sameAs links 

meta_broader_category 8136 
Parents and grandparents  of dc:subject categories 

identified through skos:broader predicate  

meta_translated_to 4675 
Language editions to which is the current book 

translated 

meta_similarPerson 3443 
All notions of related persons e.g. author, 

influencedBy etc. 

Rdf:type 8170 Type of the resource 

dc:subject 8100 
Category of the resource (bottom links on a 

Wikipedia page) 

publisher 7544 Publishing house issuing the book 

language 7405 Language of the book 

genre 6747 Literary genres of the book, e.g. fantasy 

isbn 6582 ISBN identificator of the book 

author 4142 Book author 

wikiPageWikiLink 2725 

Internal Wikipedia links. These can be collected 

only on non-english language editions of 

DBPedia. 

According to our opinion, the dataset could serve as a good starting point to content-

based or hybrid recommender systems evaluation, or as an interesting benchmark for 

automatic feature extraction tools. 

7.4.2 IMDB Extension to RecSys 2014 Challenge Dataset 

The RecSys 2014 Challenge54 took place as a workshop on ACM RecSys 2014 

Conference. The challenge goal was to predict user engagement measured in number 

of retweets and favorites on tweets containing movie ratings. The original dataset is 

                                                 
54 http://2014.recsyschallenge.com 
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based on the MovieTweetingsDataset55, so the data originates from IMDB56 users who 

posted their ratings on twitter. The RecSys Challenge dataset contained TwitterUser 

ID, IMDB item ID, Rating, Scraping Timestamp and Tweet metadata. We extended 

this dataset by collecting movie content-based attributes available on IMDB through 

OMDB API57.  

The original dataset can be accessed in recsys2014_original_dataset.zip, our 

extension can be accessed as CSV file recsys2014_movie_features.csv. The dataset 

contains features of 14542 movies and the structure of the dataset is described in Table 

23. 

Table 23: Description of the RecSys2014_challenge_movie_features dataset. The dataset has 

the structure of coma separated values, the table lists all columns in the same order as in the 

dataset row. 

Column 

Name 

Description 

movieID IMDB ID of the movie, identifies the object throughout the dataset 

movieTitle Title of the movie 

rating Average rating among IMDB users 

ratedNo Total volume of the ratings of this movie 

awardsNo Total number of awards, the movie has won 

metascore IMDB metascore of the movie 

releaseDate Year of the release 

country Countries where the movie was shot. Multiple values are separated 

by semicolon “;” 

languages Languages spoken in the movie. Multiple values are separated by 

semicolon “;” 

genres Genres of the movie. Multiple values are separated by semicolon “;” 

director Director of the movie 

actors Actors staring in the movie. Multiple values are separated by 

semicolon “;” 

In our opinion, the dataset covers interesting mixture of both user and object 

attributes and thus it can serve as relevant benchmark for algorithms employing both 

user and object content-based features. 

                                                 
55 http://www.recsyswiki.com/wiki/Movietweetings 
56 http.//www.imdb.com 
57 http://www.omdbapi.com 
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7.4.3 US ZIP Codes Statistics Extension to RuleML 2015 Dataset 

The last described dataset is based on the 9th International Rule Challenge58 

organized as a part of RuleML 2015 Conference. The challenge was based on 

MovieLens 1M dataset59 and our extension contains statistical information available 

on UnitedStatesZipCodes.org website.  

The original challenge dataset can be constructed according to the instructions 

published on the challenge website60, our extension is available as CSV file 

RuleML2015_challenge_ZIPcode_statistics.csv. The structure of the dataset is 

described in Table 24.  

Table 24: Description of the extension of the RuleML2015 Challenge Dataset. Extension 

contains statistical information of the area (based on ZIP codes), where the user lives. The 

dataset has the structure of coma separated values, the table lists all columns in the same 

order as in the dataset row. First five columns of the dataset corresponds to the original 

MovieLens 1M User dataset, other features are extracted by the author of the thesis. 

Column Name Description 

id User ID as specified by the MovieLens 1M Dataset 

Male_female 
Male/female identification as specified by the MovieLens 

1M Dataset 

Age Age groups as specified by the MovieLens 1M Dataset 

Occupation Occupation Group specified by the MovieLens 1M Dataset 

Zip Zip Code of the user location 

Population Total population of the area 

Density Population Density in people per square mile 

MedianAge Median of the inhabitants age 

RentedHouseRatio 
Ratio of the rented housing units in all housing units of the 

area 

VacantHouseRatio 
Ratio of the vacant housing units in all housing units of the 

area 

SinglesRatio Ratio of the singles among all inhabitants 

WhiteRatio 

Statistics of the inhabitants according to the race. 
BlackRatio 

NativesRatio 

AsianRatio 

The dataset contains extended features about 5875 out of 6040 users. We were not 

able to find additional information for 165 users due to the invalid ZIP codes. 

We did not collect all information available through UnitedStatesZipCodes, see e.g. 

http://www.unitedstateszipcodes.org/94117/ for overview and possible extensions. In 

                                                 
58 http://2015.ruleml.org/challenge.html 
59 http://grouplens.org/datasets/movielens/ 
60http://nbviewer.ipython.org/urls/s3-eu-west-

1.amazonaws.com/recsysrules2015/RecSysRules2015-Dataset.ipynb 

http://www.unitedstateszipcodes.org/94117/
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the end we did not use the dataset in the challenge due the restriction on using additional 

data. We are not aware of any work considering ZIP code area statistics in 

recommender systems, so there might be an open area for some pilot work and this 

dataset can serve well as knowledge background. Also it can be interesting to use some 

feature extraction techniques on the ZIP code features. 
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8 Experiments 

8.1 Off-line Experiments 

During the work on the thesis, we have conducted series of off-line experiments 

evaluating proposed methods,  models and algorithms. In this section we would like to 

consolidate these efforts and provide reader with some more general conclusions. 

8.1.1 Datasets 

Vast majority of the off-line experiments was held either on secondhand bookshop 

or travel agency datasets described in detail in Sections 7.2, 7.3. Both datasets comes 

from small or medium e-commerce enterprises, users are identified by browser cookies 

and only implicit user feedback is available.  

Various experiments used different “iterations” of these datasets as they are growing 

in size continuously (we always used what data was available at the time of the 

experiment). 

8.1.2 Evaluation Procedures 

The most of our experiments were conducted with similar evaluation procedure. Let 

us now explain our Standard Evaluation Procedure first and then focus on possible 

nuances.  

8.1.2.1 Defining Target Behavior 

First of all, we need to state our goals. Since both considered datasets contains 

implicit feedback only, we need to define some kind of user behavior as our target. 

Probably the key success metrics of all e-commerce enterprises is to generate profit. 

However we generally do not (and should not) have access to the gross margins of all 

products. Good approximation (if we consider uniform or similar distribution of gross 

margin) would be aiming to maximize sales or volumes of sold objects. We use such 

success metrics as our ultimate goal in the on-line experiments.  

In the off-line scenario we cannot measure changes of user behavior and thus we 

need to cope with predicting past user behavior. We can use the assumption that bought 

objects are relevant for the user and thus should be included in the list of recommended 
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objects61. However only less than 1% of user sessions ends up with a purchase (see 7.2, 

7.3), so focusing only on the bought objects would often result in unacceptable loss of 

users available for the experiments. Thus in the Standard Evaluation Procedure, we 

consider all62 visited objects as relevant. More formally, relevance ru,o of object o for 

user u is defined as:  

 𝑟𝑢,o ∶= 1 𝐼𝐹𝐹 𝑢 𝑣𝑖𝑠𝑖𝑡𝑒𝑑 𝑜, 0 𝑂𝑇𝐻𝐸𝑅𝑊𝐼𝑆𝐸  

8.1.2.2 Train Set and Test Set 

For each user, we consider his/her implicit feedback on each page and divide it into 

two parts (train set, test set). In the most experiments we consider importance of 

temporal dependence of user actions (i.e. which object was viewed first, which later), 

so we use earlier data (according to a timestamp) from each user for training and later 

as a test set. Due to this temporal dependence we cannot use crossvalidation in such 

experiments. We also considered using one global timestamp and use all data older 

than timestamp as train and newer as test set, but due to the distribution of the user 

actions in the datasets, almost all users would end up solely in one of the sets, so any 

personalized recommendations would be impossible. 

The majority of users in the datasets (see 7.2, 7.3) visited only a very few objects 

(e.g. 96.4% of travel agency users visited only 4 or less objects, 82% visited only a 

single object). As we did not want to eliminate so many users, we had to set smaller 

train sets than common practice63.  Experiments varies in the exact settings, but using 

2/3 of the earlier data as the train set and remaining 1/3 as the test set is most common 

for us.  

After defining train and test sets, the evaluation procedure is quite straightforward. 

Each considered recommending method is trained using train set data and then for each 

user the method is asked to provide the list top-k objects. The lists are then evaluated 

and aggregated according to the selected success metrics (see the next subsection). 

                                                 
61 However we neglect the problem of obvious/simple recommendations and do not consider e.g. 

novelty or surprise factor of the recommendation, which is in general hard to simulate in off-line 

scenarios. 
62 We only omit (based on the dwell time) accidental clicks or immediatelly closed pages. 
63 Note that if we set e.g. 90% of the earlier data for the train set and 10% for the test set, then only 

users with >9 visited objects could be evaluated – for all other users we would receive empty test set. 
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8.1.2.3 Success Metrics 

None of the evaluated websites provides GUI for rating objects, and no concept of 

rating is presented anywhere on the websites, so we focused on the ranking metrics and 

omit rating-based metrics like MAE or RMSE. Furthermore as also other research 

suggests (Radlinski et al. [88]), the position of the object within the list is relevant even 

in short lists of e.g. 5 to 10 objects. Thus we did not focus much on Precision based 

metrics like Precision@top-k64 and adopted normalized distributed cumulative gain 

(nDCG) as a standard metrics to evaluate recommended lists. The premise of nDCG is 

that relevant documents appeared low in the recommended list should be penalized 

(logarithmical penalty applied) as they are less likely to attract user attention.  

8.1.2.4 Modifications of Standard Evaluation Procedure 

In some experiments, we modify Standard Evaluation Procedure to consider only 

purchased objects as relevant: 

𝑟𝑢,o ∶= 1 𝐼𝐹𝐹 𝑢 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑑 𝑜, 0 𝑂𝑇𝐻𝐸𝑅𝑊𝐼𝑆𝐸. 

Due to the insufficient amount of data, we use this modification only together with 

neglecting temporal effects and applying cross-validation. 

8.1.2.5 Standard Pairwise Evaluation Procedure 

In minority of our experiments we considered also pairwise evaluation scenario. 

Such experiments focused mainly on how to interpret each type of Implicit Preference 

Indicators 𝐼𝑃𝐼𝑖 as a user rating 𝑟�̅�. In such cases, it might be interesting to compare, how 

well can each IPI distinguish between really preferred training examples (purchased 

objects: 𝑟𝑢,𝑜 = 1) and other objects visited by the current user (𝑟𝑢,𝑜 = 0). In order to do 

so, we proposed relation based evaluation scenario as follows: 

For each pair of objects 𝑜1, 𝑜2, where 𝑟𝑢,𝑜1 = 0 and 𝑟𝑢,𝑜2 = 1, we evaluate ratings 

inferred from each Implicit Preference Indicator 𝐼𝑃𝐼𝑖: if 𝑟𝑖,𝑢,𝑜1̅̅ ̅̅ ̅̅ ̅ < 𝑟𝑖,𝑢,𝑜2̅̅ ̅̅ ̅̅ ̅ , the objects are 

ordered correctly according to the indicator 𝐼𝑃𝐼𝑖, if both rating equals, we call the 

ordering induced by 𝑟�̅� as neutral. Otherwise the induced ordering is incorrect. In our 

evaluation, we consider neutrally ordered pairs also as an error of some sort; however 

the significance of such error is lower than incorrectly ordered pairs, because we may 

have some auxiliary criterion which could order the pair correctly. We defined our 

                                                 
64 We occasionaly use Recall@top-k for illustrative purposes, mostly as a chart of recall dependence 

on increasing top-k sizes. 
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success metric to comply with this observation.  Let 𝑆𝑢𝑚𝐶 , 𝑆𝑢𝑚𝑁 and 𝑆𝑢𝑚𝐼 are total 

volumes of correctly, neutrally and incorrectly ordered pairs. The criterium of quality 

𝑄�̅�,𝛼 of the infered user rating �̅� is: 

 
𝑄�̅�,𝛼 = 𝛼 ∗

𝑆𝑢𝑚𝐶

𝑆𝑢𝑚𝐶 + 𝑆𝑢𝑚𝑁 + 𝑆𝑢𝑚𝐼
+ (1 − 𝛼) ∗

𝑆𝑢𝑚𝐶 + 𝑆𝑢𝑚𝑁

𝑆𝑢𝑚𝐶 + 𝑆𝑢𝑚𝑁 + 𝑆𝑢𝑚𝐼
 

(22) 

The semantic of 𝛼 ∈ [0,1] parameter is that for the rising 𝛼 value, we consider 

neutrally ordered pairs as more sewer problems. The borderline values 𝛼 = 0 threats 

neutrally ordered pairs as correct and 𝛼 = 1 threats neutrally ordered pairs as 

incorrect. 

8.1.2.5.1 Modification for Multiple Local Ratings 

Having the series of local ratings 𝑟�̅� e.g. coming from the interpretation of several 

IPIs separately, we might be also interested in evaluating all ratings together as a group. 

In order to do so, we defined quality metric for the group of ratings in a similar way. 

Let’s have two objects 𝑜1, 𝑜2, where 𝑟𝑢,𝑜1 = 0 and 𝑟𝑢,𝑜2 = 1, also let us have k inferred 

ratings �̅�1,𝑖, �̅�2,𝑖 for both objects (e.g. one comming from the dwell time, other from 

number of clicks etc.). Then we define partial ordering ≤�̅� of objects 𝑜1, 𝑜2 based on 

pairs of local ratings �̅�1,𝑖, �̅�2,𝑖 as follows: 

 𝑜1 ≤�̅�  𝑜2 𝐼𝐹𝐹 ∀𝑖: �̅�1,𝑖 ≤ �̅�2,𝑖 𝑎𝑛𝑑 ∃𝑖: �̅�1,𝑖 < �̅�2,𝑖. We denote such pairs as 

correctly ordered. 

 𝑜1 ≥�̅�  𝑜2 𝐼𝐹𝐹 ∀𝑖: �̅�1,𝑖 ≥ �̅�2,𝑖 𝑎𝑛𝑑 ∃𝑖: �̅�1,𝑖 > �̅�2,𝑖. We denote such pairs as 

incorrectly ordered. 

 Otherwise, objects 𝑜1 and 𝑜2 are incomparable. 

The partial ordering ≤�̅� is the most generic monotonic aggregation function. For any 

other aggregation of IPIs as long as it holds monotonicity, the ordering of correct and 

incorrect pairs is immutable (i.e. the pairs from correct set will be always ordered 

correctly according to the resulting rating �̅�). Different aggregations can affect the 

ordering of pairs from the incomparable set. 

The criterion of quality 𝑄�̅�,𝛼 (22) remains the same, we only replace set of neutrally 

ordered pairs for the set of incomparable pairs. 
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8.1.3 Experiments on Learning Local Ratings of IPIs 

In this experiment we focused on which method of learning local ratings (described 

in 4.2) is optimal for which Implicit Preference Indicator. The experiment was 

conducted on the Travel Agency Dataset. The following local ratings learning methods 

were considered: 

 Linear Normalization baseline (linear) with respect to the current user (as 

proposed in 4.2.2). Note that as long as we consider evaluation of local ratings 

separately, all baseline approaches are equivalent .65 

 Collaborative Purchase Based methods as proposed in 4.2.3 with:  

o Distance-based neighborhood (distance) 

o K-NN neighborhood (K-NN). We define K as a fraction of total number 

of object-user pairs K= δ ∗ |𝑟𝑒𝑐𝑜𝑟𝑑𝑠|. 

We used a subset of Basic User Behavior dataset which was processed as follows: 

 Collected data from the 9 months period from August 2014 to May 2015 (due 

to the restriction coming from Travel Agency). 

 Evaluating only users visiting at least two objects (and at least one of them is 

purchased). 

 Omit outliers with more than 30 visited objects (mostly employers of the travel 

agency). 

The resulting dataset contained over 8400 pairs of objects from 380 users with 450 

purchases. 

As we did not consider any specific method for aggregating IPIs, we opted for a 

pairwise comparison of purchased and non-purchased objects and thus selected 

Pairwise  Evaluation Procedure.   

8.1.3.1 Results and Discussion 

Table 25 contains results of the experiment averaged per learning method and IPI. 

One of the most surprising observation based on this experiment is that each IPI should 

be treated differently in order to derive optimal performance. As for the dwellTime, the 

best method was Linear for mouseOvers it was KNN with larger 𝛿. The optimal method 

                                                 
65 With the exception of strictness of inequity. More formally lets have two baseline methods 𝑏1, 𝑏2 

and two arbitrary fixed values of IPI 𝑣1, 𝑣2 of arbitrary fixed user 𝑢. Then 𝑏1(𝑣1) < 𝑏1(𝑣2) =>
𝑏2(𝑣1) ≤ 𝑏2(𝑣2).  
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for pageView, was Distance with large ε and Scrolling got good results throughout all 

KNN settings as well as with Linear normalization. For Distance method, we can 

clearly see grading improvements with increasing ε neighborhood threshold, The KNN 

has peak performance around 𝛿 = 0.7.  

Quite interesting was also the optimal values of ε and 𝛿. Both Distance and KNN 

methods requires large portion of data to produce good results (i.e. the best results for 

KNN was calculated based on more than half of the dataset). We think that it is caused 

by low volume of purchases, so a large portion of data is needed to separate signal from 

a noise.  

The Linear baseline performed quite good in general, however other learning 

methods generated relevant improvements for mouseOver and pageViews IPI, so we 

believe it is worthy to consider learning non-linear local ratings.   

Table 25: Results of Learning Local Rating Methods for various IPIs in terms of 𝑄�̅�,0.5. The 

best values of each IPI are depict with yellow background, close to best with light-yellow. 

Furthermore best values for each IPI and Learning Method are in bold.  

 Linear Distance, epsilon KNN, delta 

   0 0.05 0.1 0.2 0.5 0.7 0.9 0.01 0.05 0.1 0.2 0.5 0.7 0.9 

dwellTime 0.79 0.36 0.47 0.56 0.50 0.54 0.57 0.59 0.63 0.60 0.57 0.58 0.57 0.65 0.65 

scrollTime 0.57 0.45 0.51 0.53 0.56 0.56 0.58 0.58 0.58 0.57 0.57 0.57 0.57 0.57 0.58 

mouseOvers 0.77 0.41 0.52 0.57 0.56 0.66 0.70 0.80 0.70 0.66 0.72 0.75 0.82 0.82 0.66 

pageViews 0.80 0.68 0.69 0.66 0.70 0.74 0.82 0.85 0.75 0.74 0.79 0.79 0.78 0.83 0.74 

 

In second part of the experiment, our aim was to derive insight on general quality of 

each learning method and also measure potential effect of methods aggregating local 

ratings. We use the modification of Relation-based Evaluation Procedure for multiple 

local ratings as described in 8.1.2.5.1. We evaluated local ratings �̅�𝑖 coming from the 

same learning metod for all IPIs (denoted with the method identification) and as well 

the Combined approach, where we use the best learning method (according to the 

results in Table 25) for each Implicit Preference Indicator.  

Table 26 depicts the ratio of correctly ordered, incorrectly ordered and 

incomparable pairs for each learning method. The table also depicts 𝑄�̅�,0.05,
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𝑄�̅�,0.25,  𝑄�̅�,0.5,  𝑄�̅�,0.75,  𝑄�̅�,0.95 statistics (22). This statistics helps to determine best local 

ratings learning method subject to the expected quality of aggregation @66. 

Table 26: Results of partial ordering ≤�̅�. The Combined method uses the best approach for 

each IPI according to the results in Table 25. 
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   0 0.05 0.1 0.2 0.5 0.7 0.9 0.01 0.05 0.1 0.2 0.5 0.7 0.9  

Correct 0,70 0,18 0,26 0,29 0,29 0,37 0,42 0,47 0,41 0,37 0,41 0,44 0,51 0,62 0,53 0,70 

Incorrect 0,11 0,19 0,12 0,12 0,13 0,09 0,05 0,04 0,05 0,07 0,06 0,07 0,08 0,07 0,09 0,07 

Incomparable 0,19 0,63 0,62 0,59 0,58 0,54 0,53 0,49 0,54 0,56 0,54 0,49 0,41 0,31 0,38 0,24 

𝑸�̅�,𝟎.𝟎𝟓 0,88 0,78 0,85 0,85 0,84 0,88 0,92 0,94 0,92 0,90 0,91 0,90 0,90 0,92 0,89 0,92 

𝑸�̅�,𝟎.𝟐𝟓 0,84 0,66 0,72 0,74 0,72 0,77 0,82 0,84 0,81 0,79 0,81 0,81 0,82 0,86 0,81 0,87 

𝑸�̅�,𝟎.𝟓 0,80 0,50 0,57 0,59 0,58 0,64 0,68 0,72 0,68 0,65 0,67 0,68 0,71 0,78 0,72 0,81 

𝑸�̅�,𝟎.𝟕𝟓 0,75 0,34 0,41 0,44 0,44 0,50 0,55 0,60 0,54 0,51 0,54 0,56 0,61 0,70 0,62 0,76 

𝑸�̅�,𝟎.𝟗𝟓 0,71 0,21 0,29 0,32 0,32 0,39 0,45 0,50 0,44 0,40 0,43 0,46 0,53 0,64 0,55 0,71 

 

As the Table 26 shows, the Combined approach resulted best or close to best for all 𝑄�̅� 

statistics. We interpret this fact as corroboration that it is important to consider various 

local ratings learning methods. The Linear method performs also quite well for all 

settings of 𝛼, especially while considering weak aggregation methods (𝛼 < 0.5). 

Distance (휀 = 0.9) and KNN (𝛿 = 0.7) were the best representants of the Purchase-

based learning methods. They performed well for smaller values of 𝛼 (i.e. if we suppose 

good aggregation method that can order most of the incomparable pairs correctly). 

8.1.4 Experiments on Learning Combinations of IPIs 

We conducted a series of experiments on learning compensatory aggregation 

methods for IPIs. The model of compensatory aggregations was described in 4.3.2. The 

experiments were held on the Travel Agency dataset (7.2). The methods were 

compared against simple rating estimations and machine learning approaches. We used 

the Implicit Preference Indicators as defined in the Basic User Behavior dataset. The 

methods were evaluated based on the recommended ranked list of objects via modified 

Standard Evaluation Procedure - using only purchased objects as relevant and 

performing 5-fold crossvalidation. 

                                                 
66 The 𝑄�̅�  statistics considers local ratings learning method and aggregation method as independent 

features which might not be true in the reality. Local ratings learning method could possibly affect the 

predicting capability of the aggregation method, so the results are only informative.  
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As we conducted these experiments in early stages of our work, a preliminary 

version of the Behavior dataset was used. The dataset e.g. did not contain the 

lastModified column, however the definition of IPIs was the same as in Table 6. The 

data was collected during the last quarter of the year 2012. We applied following 

filtration on the dataset: 

 Omitting users with less than four visited objects. 

 Keeping only users with at least one purchase. 

The data filtration leaves us information from 62 users executing 72 purchases and 

in total 580 visited objects. The generic Compensatory Aggregations model was 

instantiated as follows: 

 Linear regression was used to derive local ratings 𝑟�̅�. 

 Sugeno-Weber, Hamacher S-norm families and simple Max S-norm were 

used to instantiate aggregation function @. 

In total four baseline �̅� rating estimators were evaluated: 

 M5P decision tree67 and Support Vector Machine68 as implemented in Weka 

were used as baselines. 

 Binary rating. Estimated rating 𝑟𝑢,𝑜̅̅ ̅̅ = 1 𝐼𝐹𝐹 𝑢𝑠𝑒𝑟 𝑢 𝑣𝑖𝑠𝑖𝑡𝑒𝑑 𝑜𝑏𝑗𝑒𝑐𝑡 𝑜 

(=𝑖𝑝𝑖0). 

 Single IPI. Estimated rating 𝑟𝑢,𝑜̅̅ ̅̅ = linearly normalized number of pageviews 

(=𝑖𝑝𝑖1). 

Two content-based recommender systems were used to derive final ranked list of 

objects: Two-step Model for Preference Learning (2.4.2.2) and Support Vector 

Machine (SVM) in Weka implementation. We used several variants of TSM differing 

in global preference method (weighted average or some compensatory aggregations). 

Both algorithms used content-based features as described in Table 27 (the attribute set 

can be seen as a preliminary version of the Content-based Tour attributes as described 

in Table 11). 

Table 28 depicts the results of the evaluation. SVM recommender performed 

consistently inferior compared to the TSM, so we show only the TSM results. As can 

be seen, both considered S-norm families outperformed all baselines in terms of nDCG 

and Average position of purchased objects. Furthermore the results of Binary rating 

                                                 
67 weka.sourceforge.net/doc.dev/weka/classifiers/trees/M5P.html 
68 http://weka.sourceforge.net/doc.dev/weka/classifiers/functions/SMOreg.html 
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and Single IPI indicates illustrates that it is not sufficient to collect only such a simple 

user feedback in order to derive relevant recommendations. 

Table 27: Description of content-based features used during the experiments on Learning 

Combinations of IPIs. 

Attribute Description 

TourType Type of the tour (e.g. sightseeing, beach holidays, spa etc.)  

Country Destination country of the tour (e.g. Spain)  

Destination More specific destination (e.g. Costa Brava)  

AccomodationType Quality of the accommodation (e.g. 3*) 

Accommodation ID of accommodation (hotel) assigned for the tour 

Board Type of board (e.g. breakfast, half-board)  

Transport Type of transport (coach, plane…)  

Price Average price per person 

AdditionalInfo Information linked to the tour (e.g. about POIs) 

 

Table 28: Results of Compensatory Aggregation methods evaluation. For each learning 

method, we show the best achieved results over all evaluated variants of recommending 

algorithms. Values of nDCG and Average Position (AP) of purchased objects are depicted. 

The baseline methods are depicted in grey. 

 Sugeno-

Weber 

Hamacher Max SVM M5P 

decision tree 

Binary 

rating 

Single IPI 

nDCG 0,223 0,217 0,209 0,200 0,215 0,129 0,194 

AP 159 160 221 311 178 448 240 

8.1.5 Experiments with Multiple Implicit Preference Indicators 

This experiment was held to support our theory that additional implicit preference 

indicators can improve capability to model user preference. We also wanted to justify 

the usage of page context variables. The experiment was held for the first time soon 

after the deployment of IPIget as a part of IPIget proposal [79]. The experiment was 

repeated on the whole Travel Agency dataset (7.2.3) for the purpose of this thesis.  

In order to evaluate usefulness of additional implicit feedback and page context 

variables, we conducted following experiments: four variants of the dataset was created 

differing in the set of incorporated indicators and context. Afterwards a classification 

and regression on purchase indicator was performed. We used decision tree classifier69 

for the classification task and linear regression for the regression task. 

                                                 
69http://docs.rapidminer.com/studio/operators/modeling/classification_and_regression 

         /tree_induction/decision_tree.html 
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All dataset variants contained UID, OID, SID and purchase indicator as target 

variable, furthermore: 

 Single feedback dataset contained page views count indicator. This is the most 

common indicator as it is traceable also through the server-side scripting. 

 Exploratory feedback dataset contained the most common variants of user 

feedback page views count, scrolling time, mouse moves time, and dwell time. 

 All feedback dataset contained all available numeric implicit preference 

indicators as proposed in 9.1, except for click on purchase. 

 All feedback with page context dataset incorporates the previous dataset plus 

page context variables number of links, number of images, text size, page and 

browser heights and visible area ratio. 

The experiment was held in RapidMiner70 environment with 5-fold cross validation, 

decision tree used gini-index to separate nodes. As the purchased and unpurchased 

classes are highly unbalanced, we performed a sub-sampling keeping only 5% of 

randomly selected unpurchased records. The RapidMiner process files can be found on 

the thesis CD. 

Table 29 contains the results of classification task. It seems quite clear that 

exploratory feedback significantly improves over single feedback and all feedback with 

page context significantly improves over all feedback. 

Table 29: Results of the classification experiment with multiple IPIs. Results shows both 

absolute volumes of records, TP=correctly identified as purchased, FP=incorrectly 

identified as purchased, TN=correctly identified as not purchased, FN=incorrectly identified 

as not purchased. 

Dataset TP FP TN FN 

Single feedback 121 123 5800 1292 

Exploratory feedback 883 450 5473 530 

All feedback 911 449 5474 502 

All feedback with page factors 1278 138 5785 135 

 

Table 30 shows the results of regression task. The results indicate that adding more 

implicit preference indicators did not improve the results much, however using page 

factors provided substantial improvement. This is further illustrated by the fact that 

                                                 
70 http://rapidminer.com 



 

132 

 

PageViews are among the most influential features in the linear model in the first three 

dataset variants, but is outperformed by the context variables in the last one. 

Table 30: Results of the regression experiment with multiple IPIs. Results shows RMSE and 

the most influencing features based on standardized coefficients of the linear model. 

Dataset RMSE Highest Standardized Coefficients 

Single feedback 0.388 PageViews (0.153), SID (0.086) 

Exploratory 

feedback 

0.387 PageViews (0.140), SID (0.087),  

MouseMovingTime (0.056), DwellTime (0.051) 

All feedback 0.386 MouseMovingDistance (0.185), PageViews (0.130), 

MouseMovingTime (-0.086), SID (0.081), 

SelectCount(0.060) 

All feedback with 

page factors 

0.238 SelectCount (1158), NumberOfImages (0.8),  

PageHeight (-0.23), VisibleAreaRatio (-0.182), 

PageViews (0.19), BrowserHeight (0.19), 

MouseMovingDistance (0.11) 

We can conclude that incorporating page context variables can significantly 

improve results in both classification and regression tasks on learning users’ purchasing 

behavior. Usability of multiple implicit preference indicators depends on the 

considered task and learning method. 

8.1.6 Experiments on Learning Implicit Negative Preferences 

We have conducted a series of experiments on modelling Local Negative 

Preferences (4.5.2) on Travel Agency dataset (7.2). The methods were compared 

against binary implicit feedback and machine learning methods. We used the Implicit 

Preference Indicators as defined in the Basic User Behavior dataset. The methods were 

evaluated both pairwise by a preliminary version of Pairwise Evaluation Procedure 

(details described in 8.1.6.1) and in terms of ranking evaluation via Standard 

Evaluation Procedure with two modifications. 

The Behavior dataset was used as follows: 

 Using only data collected during the period from December, 2012 to January, 

2014 

 Omitting users with less than four visited objects (leaving 16000 users). 

 Keeping only users with at least one purchase (leaving 364 users with over 

3500 visited objects). 

The generic Local Negative Preferences model was instantiated as follows: 

 Linear, Quadratic and Peak regressions were used to derive local ratings 𝑟�̅�. 

 The negative preference threshold 𝑡 was set for each IPI as 𝑡𝑖 = 𝐴𝑉𝐺(𝑟�̅�) 
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 Following T-(co)norm families were used to instantiate aggregation function 

@: Frank, Schweizer-Sklar, Sugeno-Weber, Yager and Hamacher. 

Two recommender systems deriving final ranked list of objects were used: Two-

step Model for Preference Learning (TSM, 2.4.2.2) and Support Vector Machine 

(SVM) algorithm in its Weka implementation. Both algorithms used content-based 

features as described in Table 27. 

8.1.6.1 Pairwise Evaluation 

The pairwise evaluation of methods was conducted as described in 8.1.2.5 except 

for the success metrics. In our earlier experiments we used Kendall’s Tau-A and Tau-

B coefficients. We present them also here as we want to show some of its disadvantages 

compared to the pair statistics Qr̅,𝛼. 

Kendall Tau coefficients compare lists of objects ordered according to 𝑟𝑢,𝑜 and �̅�𝑢,𝑜. 

Let 𝑆𝑢𝑚𝐶,𝑢, 𝑆𝑢𝑚𝐼,𝑢 be the total volumes of correctly and incorrectly ordered pairs. The 

Tau-A coefficient (23) can be understand as the relative difference of correctly and 

incorrectly ordered pairs. The Tau-B coefficient effectively decreases the size of 

denominator in equation (23) based on number of ties. 

 
𝜏𝐴 ≔

SumC − SumI

|𝐴𝑙𝑙𝑃𝑎𝑖𝑟𝑠|
 

(23) 

Table 31: Results of pairwise Evaluation of Local Negative Preference Learning methods. 

Kendal’s Tau-A and Tau-B coefficients are depicted as well as pair statistics 𝑄�̅� for α=0.25, 

0.5 and 0.75. 

Local Ratings 

Method 

Aggregation 

Method 

Tau-A Tau-B 𝑸�̅�,𝟎.𝟐𝟓 𝑸�̅�,𝟎.𝟓 𝑸�̅�,𝟎.𝟕𝟓 

Linear Hamacher 0.129 0.332 0,828 0,697 0,567 

Linear Sugeno-Weber 0.128 0.329 0,826 0,695 0,565 

SVM 0.127 0.327 0,825 0,694 0,564 

Quadratic Frank 0.124 0.318 0,825 0,695 0,564 

Peak Sugeno-Weber 0.095 0.458 0,807 0,645 0,482 

Peak Yager 0.109 0.429 0,804 0,621 0,439 

Linear Yager 0.115 0.403 0,825 0,676 0,528 

Peak Hamacher 0.113 0.291 0,803 0,673 0,542 

Quadratic Sugeno-Weber 0.082 0.212 0,756 0,626 0,495 

Linear Schweizer-Sklar 0.028 0.094 0,703 0,543 0,382 
Table 31 shows the results of a representative subset of experimented methods in 

pairwise evaluation. The pairwise evaluation divided methods into roughly three 

classes:  
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1. methods performing poorly in both ranks (e.g. all methods based on Schweizer-

Sklar aggregation). Representants are depicted in red. 

2. methods performing well in Tau-A and not so good in Tau-B (some Hamacher, 

Sugeno-Weber and Frank families, SVM). Representants are depicted in green. 

3. methods performing well Tau-B and (below)average in Tau-A (e.g. all methods 

based on Yager family). Representants are depicted in blue. 

Results of 𝑄�̅� are mostly in line with the Tau-A coeficient, however (not shown for 

the space reasons) further decrease of the α parameter would rank methods similarly as 

Tau-B coeficient. Further investigation showed that methods performing well in Tau-

B (class 3) tends to produce many more ties than methods good in terms of Tau-A 

(class 2). So, if the class 3 methods outperforms class 2 methods in recommendation 

scenario, it would be an argument against using complex user behavior at all.  

8.1.6.2 Recommended Objects Evaluation 

The second part of experiments involved evaluating lists of recommended objects 

derived by one of two recommenders (SVM, TSM) based on the ratings �̅�𝑢,𝑜 produced 

by Local Negative Preference Learning methods. The modified Standard Evaluation 

procedure was carried out - considering only purchased objects as relevant  

(i.e. 𝑟𝑢,o ∶= 1 𝐼𝐹𝐹 𝑢 𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑑 𝑜, 0 𝑂𝑇𝐻𝐸𝑅𝑊𝐼𝑆𝐸) and applying 5 fold cross-

validation. 

Table 32: Results of nDCG and Average Position (AP) of purchased object for Local 

Negative Preference Learning methods: Results are ordered according to the nDCG, 

descending. 

Local Ratings 

Method 

Aggregation 

Method 

Recommender AP nDCG 

Quadratic Frank TSM 118.4 0.240 

SVM TSM 166.2 0.233 

Linear Hamacher TSM 111.1 0.223 

Peak Sugeno-Weber TSM 107.7 0.221 

Linear Sugeno-Weber TSM 111.2 0.221 

Linear Yager TSM 209.9 0.217 

Peak Yager TSM 243.5 0.214 

Peak Sugeno-Weber SVM 381.9 0.188 

SVM SVM 387.4 0.173 

Linear Hamacher SVM 392.0 0.166 

Binary implicit feedback TSM 379.1 0.136 
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Table 32 shows results of the evaluation on Local Negative Preference learning 

methods. It can be seen that Local Negative Preference learning based on T-(co)norms 

performed comparatively to the state of the art machine learning algorithms. There 

were no significant difference in Local Ratings Method, using different local rating 

methods on the same aggregation usually changed the success metrics, however the 

effect varies for different aggregation methods.   

We can conclude that Tau-B coefficient largely overestimates capability of 

recommender systems to cope with ties in estimated �̅� ratings. We need to be able to 

lay constraints on this capability. Also Kendal’s Tau coefficient inherently expects that 

all pairs of objects should be compared, which is not what we intend (we only want to 

compare purchased against non-purchased objects of each user). Both facts led us to 

propose the paired criterion of quality 𝑄�̅�,𝛼 (22). 

8.1.7 Experiments with Implicit Preference Relations 

We used Implicit Preference Relations as defined in Section 4.4 with both Travel 

Agency (7.2) and Secondhand-bookshop (7.3) datasets. Due to the nature of the 

required information (position of objects, visible time of page segments, click listener 

etc.) we need to parse the log of distinct user actions and thus use the Extended User 

Behavior datasets. Content-based algorithms used information available in Tour 

Attributes and Bookshop Attributes datasets respectively. 

We experimented with using IPRs for post-processing list of objects coming from 

some 3rd party recommender system as well as with building the list of recommended 

objects from scratch using solely IPRs. In both cases we use the IPR-rank algorithm 

described in Section 6.6. We used following recommender systems to derive lists of 

objects for post-processing. 

 Vector Space Model (VSM, 2.4.2.1). 

 Similar Categories Recommenders (SimCat) as described in 6.5. 

 Stochastic Gradient Descent Matrix Factorization (SGD MF, 2.4.1.3). 

The Standard Evaluation Procedure 8.1.2 without further modifications was used to 

derive results. 

8.1.7.1 Thresholds Settings 

We would like to provide also some insight on parameters of generating 𝐼𝑃�̂� 

relations and IPR-rank algorithm. The whole approach of IPR construction, its 
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extension and transformation into the ranked list of object is parametrized by four 

parameters: 

- Threshold 𝑡𝑖 on minimal intensity of original relations ∈ 𝑅𝑢 . 

- Threshold 𝑡𝑠 on minimal inter-object similarity. 

- Threshold 𝑡𝑟 on minimal intensity of extended relations 𝑟 ∈ 𝑅�̂�. 

- Selected re-ranking strategy.  

It was beyond our capacities to execute full grid search of all parameters 

combination, so instead in this section we provide insight on how does each parameter 

influence others and thus which parameter combinations are relevant. 

 

Figure 21. Histogram of Object Noticeabilities for secondhand bookshop dataset. 

Based on the analysis of the datasets we can claim (up to some extent) that resulting 

set of relations 𝑅�̂� is mainly influenced by the one threshold out of 𝑡𝑖, 𝑡𝑠, 𝑡𝑟 with the 

most restrictive settings. Also the influence is higher if the threshold is applied later on. 

We will provide some observations supporting this claim. 

First, Figure 21 indicates that object noticeability is highly skewed towards extreme 

values, so for the most settings of  𝑡𝑖, the resulting set of relations 𝑅𝑢 will be about the 

same. Second, if the 𝑡𝑠 and 𝑡𝑖 threshold are highly restrictive, adding new relation to 

the 𝑅�̂� (Algorithm 3, line 6) would rarely produce a conflict. Thus some less restrictive 

value of 𝑡𝑟 would rarely produce more relations, as the high intensity is already ensured 

by 𝑡𝑠 and 𝑡𝑖.  

Third, let’s imagine a situation after applying less restrictive 𝑡𝑠 in Algorithm 3. The 

content-based similarity metric by definition results in non-zero similarity for almost 

all pairs of objects.71 Suppose we have relation 𝑟(𝑜𝑖𝑑1, 𝑜𝑖𝑑2, 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦1,2) ∈ 𝑅𝑢 and 

                                                 
71 Only the objects with completely orthogonal features have zero similarity. 
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similarities 𝑠𝑖𝑚(𝑜𝑖𝑑𝑎 , 𝑜𝑖𝑑1) = 𝑠𝑎,1, 𝑠𝑖𝑚(𝑜𝑖𝑑𝑏 , 𝑜𝑖𝑑2) = 𝑠𝑏,2 resulting in relation 

�̅�(𝑜𝑖𝑑𝑎, 𝑜𝑖𝑑𝑏 , 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑎,𝑏) ∈ 𝑅�̂�. However, if the 𝑡𝑠 is low enough, we will also 

receive 𝑠𝑖𝑚(𝑜𝑖𝑑𝑎, 𝑜𝑖𝑑2) = 𝑠𝑎,2 and 𝑠𝑖𝑚(𝑜𝑖𝑑𝑏 , 𝑜𝑖𝑑1) = 𝑠𝑏,1 resulting in opposite 

relation �̿�(𝑜𝑖𝑑𝑏 , 𝑜𝑖𝑑𝑎, 𝑖𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦𝑏,𝑎) ∈ 𝑅�̂�. If the threshold 𝑡𝑖 is highly restrictive, we 

will therefore obtain only a handsome of new relation by setting low 𝑡𝑠 threshold. 

Based on these observations, we focused mainly on tuning 𝑡𝑠 threshold in the 

evaluation, because it has highest possible impact on the running time. Other thresholds 

were set to largely permissive values, filtering out the outlying exceptions.  

8.1.7.2 Experiments on Secondhand-bookshop Dataset 

For the experiments on the Secondhand Bookshop we used a portion of the Extended 

Behavior dataset observed during the period of February 2014 to early December 2014. 

The dataset contained in total approx. 22000 users visiting 40000 pages. We further 

restricted the dataset to only users visiting catalogue pages (5500) and having at least 

3 visited pages and at least one visited object in the last third of the user data72 (1760 

users). Table 33 contains the best results for each combination of methods over all 

parameter settings. 

Table 33: Results of IPR experiment on Secondhand-bookshop dataset. For each combination 

of IPR and other recommender, only the best resulting variant and its parameters are 

displayed. Baselines are depicted in grey. 

Method 𝒕𝒔 𝒕𝒗 𝒕𝒓 Re-ranking nDCG 

VSM (TF-IDF) + IPR  0.5 0.1 0.1 swap 0.475 

VSM (TF-IDF) - - - - 0.464 

IPR  0.5 0.1 0.1 swap 0.247 

Random  SimCat + IPR  0.01 0.1 0.1 forward 0.219 

SGD MF + IPR  0.01 0.1 0.1 forward 0.191 

Random SimCat - - - - 0.136 

SGD MF (500 lat. factors, 

max 500 iterations) 

- - - - 0.126 

Random recommendations - - - - 0.085 

Table 34 provides statistics on volumes of applied relations for different threshold 

settings. The table shows decrease of total number of relations for increasing threshold 

on minimal similarity 𝑡𝑠. Also as the last three rows indicate, if the 𝑡𝑠 is highly 

restrictive, setting other thresholds on more restrictive values do not change the total 

volumes of relations much. 

                                                 
72 Otherwise the test set would be empty for the particular user. 
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Table 34. Statistics on application of IPR relations on secondhand bookshop dataset. Table 

specifies the total volumes of IPR relations and how many of them were conformant (i.e. both 

𝐿𝑢 and 𝑟 induces the same object ordering), applied (i.e. objects’ positions were changed) or 

too weak (and thus not applied). 

Method 𝒕𝒔 𝒕𝒗 𝒕𝒓 Re-ranking Total 

Relations 

Consistent  Applied  Weak  

VSM+IPR 0.01 0.1 0.1 swap 4.4M 96.2% 2.4% 1.4% 

VSM+IPR 0.2 0.1 0.1 swap 168K 93.6% 5.8% 0.7% 

VSM+IPR 0.5 0.1 0.1 swap 21K 96.4% 3.6% 0.6% 

VSM+IPR 0.8 0.2 0.2 swap 16K 96.2% 3.8% 0.0% 

VSM+IPR 0.8 0.4 0.4 swap 14K 95.9% 4.1% 0.0% 

VSM+IPR 0.8 0.6 0.6 swap 13K 95.7% 4.3% 0.0% 

Table 34 shows dependence of the results on the minimal similarity threshold 𝑡𝑠 and 

conflict resolving strategy. The 𝑡𝑠 threshold affected results of VSM+IPR and Random 

SimCat+IPR algorithms in opposite way. As for the variants of IPR-rank conflict 

resolving, the backward variant was almost consistently inferior to the other two 

approaches. This was quite expectable as the success metrics are oriented on different 

aspects than the backward method (removing uninteresting objects). There was a very 

little difference between swap and forward variants. 

Table 35: Average values of nDCG for similarity threshold 𝑡𝑠 and re-ranking strategy for 

Random SimCat +IPR and VSM + IPR recommender systems on secondhand bookshop 

dataset. 

Threshold 𝒕𝒔, Random SimCat + IPR  Threshold 𝒕𝒔, VSM + IPR 

0.01 0.2 0.5 0.2 0.3 0.5 0.8 

0.207 0.166 0.154 0.465 0.470 0.473 0.472 

Re-ranking, Random SimCat + IPR Re-ranking, VSM + IPR 

Forward Backward Swap Forward Backward Swap 

0.173 0.140 0.168 0.465 0.460 0.466 

8.1.7.3 Experiments on Travel Agency Dataset 

For the experiments on the Travel Agency we used a portion of the Extended 

Behavior dataset observed during the period of September 2014 to early June 2015. 

The dataset contained in total approx. 147000 users visiting 10000 pages. We further 

restricted the dataset to only users visiting catalogue pages (66000 users) and having at 

least 3 visited pages and at least one visited object in the last third of the user data73 

(5072 users).  

Table 36 depicts best resulting methods and its parameters. The results are quite 

similar as for the secondhand bookshop dataset. One difference is much better results 

                                                 
73 Otherwise the test set would be empty for the particular user. 
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of Random SimCat based recommenders. This might be caused by lower volumes of 

objects in each category. We also suppose that tour categories might better reflect 

preferences of an average user than bookshop categories (travel agency users tends to 

display objects belonging to only one or a very few categories). 

Table 36. Results of IPR experiment on Travel agency dataset. For each combination of IPR 

and other recommender, only the best resulting variant and its parameters are displayed. 

Baselines are depicted in grey. 

Method 𝒕𝒔 𝒕𝒗 𝒕𝒓 Re-ranking nDCG 

VSM (TF-IDF) - - - - 0.4557 

VSM (TF-IDF) + IPR  0.95 0.95 0.95 forward 0.4556 

VSM (TF) + IPR 0.95 0.9 0.9 forward 0.4381 

VSM (TF) - - - - 0.4376 

Popular SimCat + IPR 0.95 0.1 0.1 forward 0.3982 

Popular SimCat - - - - 0.3962 

Random SimCat + IPR 0.05 0.1 0.1 forward 0.351 

Random SimCat - - - - 0.324 

IPR  0.5 0.1 0.1 forward 0.258 

SGD MF + IPR  0.1 0.1 0.1 forward 0.220 

SGD MF (200 lat. factors, max 

150 iterations) 

- - - - 0.138 

Random recommendations - - - - 0.114 

 

Table 37.   Statistics on application of IPR relations on travel agency dataset. Table specifies 

the total volumes of IPR relations and how many of them were conformant (i.e. both 𝐿𝑢 and 𝑟 

induces the same object ordering), applied (i.e. objects’ positions were changed) or too weak 

(and thus not applied). 

Method 𝒕𝒔 𝒕𝒗 𝒕𝒓 Re-

ranking 

Total 

Relations 

Consistent  Applied  Weak  

SGD MF 0.1 0.1 0.1 forward 149M 73.5% 4.4% 22.1% 

SGD MF 0.5 0.1 0.1 forward 6M 85.5% 8.3% 6.2% 

VSM 0.1 0.1 0.1 forward 149M 86.9% 3.5% 9.6% 

VSM 0.5 0.1 0.1 forward 6M 91.7% 5.2% 3.2% 

VSM 0.7 0.1 0.1 forward 2.16M 91.3% 6.1% 2.6% 

VSM 0.7 0.7 0.7 forward 2.06M 92.0% 5.9% 2.0% 

 

 

Table 37 provides statistics on volumes of applied IPRs. Similarly as for the 

secondhand bookshop experiments, increasing 𝑡𝑠 threshold affects total number of 
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relations. For all algorithms we observed a trend of increasing percentage of consistent 

relations while applying more restrictive thresholds. Also there are some significant 

differences between number of consistent relations for some method pairs, e.g. SGD 

MF and VSM. Similarly as in the secondhand bookshop dataset, if 𝑡𝑠 is highly 

restrictive, setting 𝑡𝑣 and 𝑡𝑟 also to highly restrictive settings do not change the volumes 

of relations much. 

8.1.7.4 Discussion 

As can be seen from the results on both datasets, VSM based algorithms 

outperformed all other recommending algorithms. The difference between VSM and 

Popular SimCat is however not so large, so one might consider using this simple 

algorithm, if the computation time is crucial. From the two evaluated VSM weighting 

scheme, the TF-IDF receives better results, so the (relatively costly) computation of 

inverse document frequency (IDF) improves algorithm performance.  

Employing IPR on Random SimCat and SGD MF significantly improved results in 

both datasets (the less restrictive threshold settings produced the better results).  

On secondhand bookshop dataset, some variants of IPR improved also VSM 

algorithm. The improvement was smaller, however still with some significance (p-

value = 0.088). Note that there were no 𝑅�̂� relations for some users (they viewed some 

category pages, but did not select any of the objects presented there), which decreased 

possible impact of IPRs. The more restrictive settings of 𝑡𝑠 threshold was necessary to 

improve over VSM. The best results were obtained for 0.5 ≤ 𝑡𝑠  ≤ 0.8. This is 

probably caused by better supplied initial ranked list of objects, making majority of 

weak relations unnecessary or even incorrect.  

The IPR relations slightly improved also results of Popular IPR and VSM (TF) on 

travel agency dataset (p-value < 0.0013). The trend on threshold values was similar as 

for the secondhand bookshop: the more restrictive thresholds were set, the better results 

were produced, with peak performance for 0.9 ≤ 𝑡𝑠  ≤ 0.95.  

Relatively poor results of SGD MF supports our previous observations that purely 

collaborative filtering techniques cannot perform well in domains with such a low 

amount of feedback per user.  

As for the re-ranking strategy, the backward variant was almost consistently inferior 

to both swap and forward strategies in terms of nDCG. This might be a result of the 
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fact that the success metric orients solely on the positively preferred objects. The 

forward re-ranking was consistently better throughout the travel agency dataset and 

also for the Random SimCat and SGD MF methods in the secondhand bookshop 

dataset. The swap re-ranking strategy outperformed forward for VSM+IPR 

recommenders with highly restrictive thresholds on the secondhand bookshop dataset. 

We suppose the reason is following: it can be easily seen that applying forward re-

ranking on objects 𝑜𝑖, 𝑜𝑗  effectively decrease position of all other objects in between 

them. This might be a problem occasionally, if several unpreferred objects are 

forwarded before a preferred one. 

 We will illustrate this on a small example: suppose ranked list of objects 𝐿 =

(𝑜1, 𝑜2, 𝑜3, 𝑜4, 𝑜5), suppose that object 𝑜2 is preferred (𝑟𝑜2
=1) and let us have a relation 

𝑟(𝑜4, 𝑜1, 𝑖𝑛𝑡). After applying the forward conflict resolving, the list of objects would 

looks like 𝐿𝑓 = (𝑜4, 𝑜1, 𝑜2, 𝑜3, 𝑜5), effectively decreasing position of 𝑜2 by 1. After 

applying swap conflict resolving the resulting list would be 𝐿𝑠 = (𝑜4, 𝑜2, 𝑜3, 𝑜1, 𝑜5) and 

the position of 𝑜2 was not changed. On the other hand (especially if considering many 

weaker relations), if a relation 𝑟(𝑜5, 𝑜2, 𝑖𝑛𝑡) appears, the forward ranking strategy 

would decrease position of 𝑜2 by 1, but swap re-ranking would decrease position of 𝑜2 

by 3. Thus we can conclude that swap re-ranking is more error-proof in case of relations 

considering two unpreferred objects, but forward re-ranking is more error-proof in case 

of incorrect relations.  

We also performed a pairwise comparison of results74, which showed that each 

evaluated IPR settings improved positions of some objects compared to the initial list 

of recommendations (also for VSM (TF-IDF)). In fact, bottom re-ranking strategy 

performed best in this comparison. It managed to improve positions of up to 29% of 

objects compared to the VSM (TF-IDF). The absolute difference in positions is rather 

low, however the backward re-ranking maintained positive balance between volumes 

of improved and deteriorated objects. Thus we will focus on employing improved re-

ranking strategies and improved relation filtering techniques and ensemble techniques 

to decrease volumes of deteriorated objects in our future work. 

                                                 
74 For arbitrary fixed user 𝑢 and methods 𝑀1 and 𝑀2 we compared position of each preferred object, 

whether it was improved, deteriorated or remained the same. 
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8.1.8 Experiment on Recommending Unique Items 

In this experiment we aimed to test algorithms minimizing failed purchases, which 

is an issue mostly for bulk offers on e-commerce site, where only a few pieces of an 

item are available. We described the problem of failed purchases in detail in Section 

6.8 and proposed two post-filtering techniques to overcome this problem.  

The experiments were held on the Secondhand Bookshop dataset (7.3), we used 

bookTitle, bookAuthor, publicationDate and category from the Bookshop Attributes 

dataset as content features. A pageView attribute from Basic User Behavior was used 

for user feedback. Only the portion of the datasets collected during the period of 

February 2014 to November 2014 was used. The resulting dataset contained approx. 

22000 records of interaction between users and objects, 17000 unique users, 6300 

unique objects and 150 purchases. 

The Content-boosted Matrix Factorization (CBMF, see 2.4.2.3) was used to derive 

initial set of recommendations. The resulting recommendations proposed to the user 

was either “greedy” recommending top-k best rated products, or results of a post-

filtering aiming to minimize failed purchases. The evaluated approaches are following: 

 Recommendations based on CBMF rating (CBMF) 

 Recommendations based on CBMF with applied post-filtering with threshold 

on number of recommendations per item (CBMF+item based post-filtering, 

see 6.8.1.1) 

 Recommendations based on CBMF with applied post-filtering with threshold 

on object rating 𝑟�̂� (CBMF+rating based post-filtering, see 6.8.1.2) 

 Random recommendations as baseline 

Each method recommended 100 objects to each user. The challenging problem was 

to emulate online user behavior based on the offline datasets. We propose a simple 

probabilistic model (denoted as Stochastic Evaluation in the results) to predict user 

dissatisfaction based on the expected number of failed purchases. The expected value 

of 𝑆𝐵, the number of iterms sold due to the bulk offer B, and the expected value of 𝐹𝐵, 

the number of failed purchase attempts due to B, is calculated based on estimated rating 

�̂�𝑢,𝑜 of objects derived by the recommender system and parameter 𝛼 governing 

expected number of purchases. Probability 𝜋𝑢,𝑜 that user 𝑢 will attempt to buy object 

𝑜 is defined as follows: 
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 𝜋𝑢,𝑜 =
1

1+𝑒−𝛼∗�̂�𝑢,𝑜
   

Probability 𝑆𝑗 that object 𝑗 is sold (i.e. there was at least one purchase attempt) is: 

 Pr (𝑆𝑗 = 1) = 1 − ∏ (1 − 𝜋𝑢,𝑜𝑗
)

∀𝑢∈𝑈

 
 

The parameter 𝛼 is set such that expected number of purchases 𝐸[𝑆] =

∑ Pr (𝑆𝑗 = 1)∀𝑜𝑗∈𝑂  corresponds with actual number of purchases seen in the dataset. 

The expected values of 𝑆𝐵 and 𝐹𝐵 are computed in a similar way, however considering 

only the top-100 objects recommended to each user. The details can be found in the 

appendix of our paper [61]. The Scaled Stochastic Evaluation is derived from 

Stochastic Evaluation by enlarging 𝛼 parameter such that expected number of 

purchases 𝐸[𝑆] is 10 times more than actual number of purchases in the dataset. 

Table 38: Results of recommending unique objects experiment. 𝑆𝐵 and 𝐹𝐵 denote the 

expected number of sold items and failed purchase attempts, respectively. The Scaled version 

of the stochastic evaluation simulates a sales volume 10 times greater than actual. 

Method Threshold 

𝒕 

Stochastic Evaluation Scaled Stochastic 

Evaluation 

𝐸[𝑆𝐵] 𝐸[𝐹𝐵] 𝐸[𝑆𝐵] 𝐸[𝐹𝐵] 
CBMF - 9.19 0.359 86.65 55.62 

CBMF + item 

based post-

filtering 

100 7.58 0.014 110.02 3.12 

300 8.65 0.053 118.72 11.04 

500 8.87 0.087 115.98 17.60 

700 8.99 0.122 112.04 23.79 

900 9.07 0.157 107.94 29.52 

CBMF + 

rating based 

post-filtering 

50 8.55 0.061 115.79 12.53 

70 8.61 0.067 115.68 13.63 

90 8.66 0.073 115.42 14.66 

200 8.81 0.100 112.91 19.77 

500 8.97 0.165 105.58 30.58 

Random - 5.37 0.004 79.07 1.04 

As Table 38 indicates, both post-filtering techniques clearly outperforms CBMF 

recommendations in terms of successful and failed purchases in the Scaled Stochastic 

Evaluation. The random recommendations (as expected) provided smallest expected 

values for both successful and failed purchases.  

We interpret the results such that post-filtering is sensible, if the expected outcome 

from the bulk-offer is large enough (in terms of reached users and expected conversion 

rate). As long as the expected outcome is relatively small (as in Stochastic Evaluation), 

the expected number of failed purchases is low and techniques with and without post-

filtering are quite comparable. 
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8.1.9 Experiment on LOD Enhanced Recommendations 

In this subsection we would like to provide details of an off-line experiment on 

recommendations based on LOD enhanced datasets of the Secondhand Bookshop. In 

this section, we describe our latest approach with relaxed resource identification and 

VSM recommending algorithm. Previous approach using ASF algorithm can be found 

in [77]. VSM is a domain independent algorithms. Although it uses content-based 

information, the approach towards attributes is unified, so no changes are necessary if 

the target domain is switched. This is different to our initial work and ASF algorithm 

[77], where the similarity metric differs for each attribute. This requires some domain 

knowledge, but allows to perform some domain specific optimizations too. We would 

like to compare domain independent and domain specific approaches in some future 

work. 

8.1.9.1 Dataset Variants 

We evaluated five variants of source datasets: 

Basic bookshop dataset contains only original data available from secondhand 

bookshop. The dataset contains book title, author name, price, bookshop category and 

short textual description. 

The EN_typed, CS_typed and CS_keywords datasets contains original bookshop 

data plus data queried from the DBPedia using typed queries on English DBPedia, 

typed queries on Czech DBPedia and keyword queries on Czech DBPedia respectively 

as described in 5.3. Finally All_data merges all available datasets together. 

The Standard evaluation procedure was carried out without further modifications. 

Recall@top-k and nDCG were used as target metrics. 

8.1.9.2 Results and Discussion 

Figure 22 displays results of recommending methods in nDCG and distribution of 

Recall@top-k for increasing sizes of top-k.  

We can conclude that using additional data from LOD datasets can improve 

recommendation quality (even in situation when received data are messy and possibly 

incorrect). There is somewhat significant difference between positions of test set 

objects between all_data and bookshop datasets (p-value 0.07). The relative difference 

in nDCG is not so high, but we need to mention that evaluation took place on all objects, 
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not just the ones for which we could download additional LOD data. In this context the 

improvement is acceptable as long as there is reasonable coverage of the target domain.  

We observed an interesting behavior of the VSM: if some DBPedia-based data is 

used, quite a few already well-placed objects are pushed further forward in the results, 

but only a small effect can be seen on the rest of the result list. We do not have yet 

explanation for this behavior, but it could be caused by finding additional evidence of 

similarity e.g. for books from the same author etc. We will continue investigation in 

the future work. 

 

8.2 On-line Experiments 

Vast majority of the on-line experiments (except for 8.2.3) were conducted during 

early stages of our research and thus reflecting our knowledge at that time. We present 

them in this thesis both for the sake of completeness and because the experiments’ 

results further influenced our models and methods. 

8.2.1 Evaluation Procedure 

Our on-line experiments follows common A/B testing schema. Let us have k 

evaluated recommending strategies (one or more of them are baseline methods or a 

legacy system). The user is, based on his/her ID, randomly assigned to one out of k 

groups. Each group receives recommendations according to one recommending 

strategy. For the given period of the experiment, we monitor relevant user behavior 

Figure 22: Results of incorporating LOD into recommender system experiment. Recall@top-

k (in percent of the test set coverage) for increasing top-k sizes. Legend shows also nDCG for 

each method. 



 

146 

 

(e.g. whether the user clicked on the recommended item(s), whether he/she opened 

recommended item(s) later on, whether he/she bought some of the recommended items 

etc.). The success metrics are defined with respect to the anticipated business value of 

the arbitrary recommending strategy. 

8.2.1.1 Success Metrics 

We use in total four different success metrics differing by the strength of the impact 

on business value and expected quantity of such behavior. Let us first define the target 

user behavior (TB) we found relevant and then provide the exact formulation of the 

success metrics. We start from the behavior with the strongest impact and lowest 

expected occurrence. 

We will use the term Direct Purchase with following semantics: user receives list 

of recommendations, then he/she clicks on one of the recommended objects in order to 

display its detail and later on he/she also buys this object. The Direct Purchase is as 

close to the real vendor’s success metrics as possible according to the data we can track. 

represents best possible user behavior from the vendor point of view. Our interpretation 

of this behavior is following. The list of objects was recommended in the right context 

(position of the list, timing, appearance of the objects etc.) to catch user’s attention. 

User found (at least) one of the objects suitable for further investigation and clicks on 

it. (One of) the clicked objects was found good enough and user purchased it. 

We will use the term Indirect Purchase as follows: user received a list of objects 

including object oi. Later on user opens a detail of this object oi, however not 

necessarily by clicking on it while it was recommended and he/she buys this object. 

Such behavior indicates that we recommended relevant object, however (possibly) in 

incorrect context. User either did not noticed it, or willfully ignored it because it did 

not suit his/her current needs. 

When the purchase behavior is not possible to obtain in enough quantities, we can 

use click-through as an indicator of recommendation quality. Similarly as in the 

previous cases, we will distinguish direct and indirect variant: Direct Click-through is 

a behavior, where user received list of recommendations and he/she clicked on one of 

the objects. Indirect Click-through is a behavior, where user received a list of objects 

including object oi and later on he opened detail of this object. The interpretation of the 
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specified behavior is more or less the same as with the variants of purchase behavior, 

just we are less sure about the relevance of the clicked object. 

In order to define success metrics, we sum all occurrences of the target behavior for 

each considered recommending strategy and divide it with total amount of 

recommended objects, e.g. success metrics based on Direct Click-through would looks 

like this: 

 
𝐷𝑖𝑟𝑒𝑐𝑡 𝐶𝑇𝑅 ∶=

𝐶𝑜𝑢𝑛𝑡(𝐷𝑖𝑟𝑒𝑐𝑡 𝐶𝑙𝑖𝑐𝑘𝑡ℎ𝑟𝑜𝑢𝑔ℎ)

𝐶𝑜𝑢𝑛𝑡(𝑅𝑒𝑐𝑜𝑚𝑚𝑒𝑛𝑑𝑒𝑑 𝑂𝑏𝑗𝑒𝑐𝑡𝑠)
  

 

The Direct and Indirect Purchase Rate and Indirect CTR is computed in the same 

way. An user-based variant of Click Through Rate is also considered as it provides 

information on how large portion of users was positively affected by the 

recommendations: 

 
𝑈𝑠𝑒𝑟 𝐶𝑇𝑅 ∶=

𝐶𝑜𝑢𝑛𝑡(𝑈𝑠𝑒𝑟𝑠 𝑤𝑖𝑡ℎ 𝐷𝑖𝑟𝑒𝑐𝑡 𝐶𝑇𝑅)

𝐶𝑜𝑢𝑛𝑡(𝐴𝑙𝑙 𝑈𝑠𝑒𝑟𝑠)
 

 

8.2.2 Experiment Comparing Recommending Algorithms 

In one of the first experiments conducted on the Travel Agency website, we focused 

on comparing different types of recommending algorithms in on-line A/B testing. The 

experiment compared using collaborative recommender system, popularity based 

recommendations and random recommendations from current category and its results 

were published in [72]. The experiment was held during October and November, 2010. 

The list of three recommended objects was proposed to the users each time they visit a 

category page of the travel agency (State I. as defined in Figure 6). In total 9030 

participating users were divided into three distinct groups. Each group received 

recommendations based on one of the following algorithms: 

 Random objects from current category (Random from Cat.). Given the low 

number of proposed objects (recommending 3 objects only), this 

recommendations would be almost identical with the result of Random SimCat 

recommender (almost every category have at least 3 objects, similar categories 

would be used only after depleting objects from the current one).  

 Popular objects from current category (Popular from Cat.) proposes top-k most 

popular objects. The popularity of object was based on the weighted sum of 
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total number of views (w=0.1) and total number of purchases (w=1.0) 

belonging to the current object. 

 User-based K-NN considering 10 nearest users based on the Pearsons 

correlation coefficient on visited objects. 

Table 39 contains the results of the experiment. 

Table 39: Results of on-line experiment on comparing various recommending algorithms. 

Method 
Users 

Recommended 

Objects 

Direct 

CTR 
User CTR 

Indirect 

Purchase Rate 

Random from 

Cat. 

2828 40997 2,04% 29,56% 0,04% 

Popular from 

Cat. 

3310 45128 2,23% 30,45% 0,12% 

User-based K-NN 2892 40176 1,88% 26,07% 0,11% 

 

As the results indicates, popularity based method clearly outperforms both other 

approaches in Direct Click-through rate (p-value < 0.024). As for the Indirect Purchase 

Rate, both Popularity and K-NN outperforms Random method (p-value < 0.00011) 

with no significant difference between them. However another interesting result of the 

experiment is that collaborative approach (User-based K-NN) did not provide any 

improvement over non-personalized algorithm (Popular from Cat.). The explanation 

we adopted was that this is caused by insufficient amount of user feedback and later on 

we focused mainly on algorithms less demanding in terms of the user feedback 

quantity. 

8.2.3 Experiment on Learning Local Ratings of IPIs 

We conducted on-line experiments on learning local ratings as a follow-up to the 

off-line experiments on the same domain (see 8.1.3). The results of the off-line 

experiment suggests that one should consider different learning methods in order to 

learn local ratings based on various IPIs. In the on-line experiments, we wanted to 

corroborate whether the effect of local rating learning methods can be seen also in the 

user behavior. Another question to be answered was whether the combination of 

various IPIs is necessary, or it is sufficient to use simple binary implicit feedback. 

Similarly as in the off-line experiment, we considered Implicit Preference Indicators as 

defined in the Basic User Behavior dataset (7.2.2). The experiment was conducted on 

the Travel Agency website during the period from July, 2015 to October, 2015. Users 
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were randomly assigned into one out of three groups. For each group, local ratings were 

calculated by one of following approaches: 

 Linear normalization (linear) with respect to the current user (as proposed in 

4.2.2) for all considered Implicit Preference Indicators (dwellTime, 

scrollTime, mouseOvers and pageViews).  

 Combined approach, where we use the best learning method (according to the 

results of the off-line experiment in Table 25) for each Implicit Preference 

Indicator. Specifically, these are: 

o Linear for dwellTime 

o KNN (𝛿 = 0.01) for scrollTime 

o KNN (𝛿 = 0.7) for mouseOvers 

o Distance (휀 = 0.9) for pageViews 

 Simple View baseline, where each viewed object 𝑜𝑗 receives rating �̅�𝑜𝑗
= 1. 

The plain average was used to aggregate local ratings and Vector Space Model 

(2.4.2.1) was used to calculate top-k recommended objects. 

In total 28840 users participated in the experiments and we showed them in total 

over 550K recommended objects, however we filtered only the portion of the data, 

where users previously visited at least two objects, because otherwise the local rating 

learning method wouldn’t have any effect on the results. The filtered data contained 

3462 users and 198K recommended objects. 

Table 40: Results of the on-line experiment on learning local ratings. 

Method Users Recommended 

Objects 

Direct CTR User CTR 

View baseline 1103 61533 0,88% 23,6% 

Linear 1160 67570 1,03% 26,2% 

Combined 1199 68976 0,97% 24,5% 

 

Results indicates that both Linear and Combined methods outperforms simple View 

baseline in terms of Direct CTR (p-values 0.0067 and 0.092 respectively), however 

there is no significant difference between Linear and Combined approaches. Thus we 

can conclude that using multiple IPIs can improve recommendations even in on-line 

success metrics over the simple binary feedback baseline. On the other hand the 

improvement derived by the diversification of local rating learning methods for various 

IPIs was not proved. There are some parameters we were not able to test due to the 

time constraints (e.g. various methods to aggregate local ratings or various 
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recommending algorithms, differences between off-line and on-line settings), so the 

conclusion on this subject is not final yet. 

8.2.4 Experiments on Learning Combinations of IPIs 

The experiments evaluating various methods of learning aggregations of local 

learning were conducted on the Travel Agency website during February and March 

2012. The aim of the experiments was to evaluate different settings of the Hierarchical 

Model of IPI Aggregations over the on-line success metrics. We considered Implicit 

Preference Indicators as defined in the Basic User Behavior dataset (7.2.2). Linear 

normalization (as described in 4.2.1) was used to learn local ratings for each IPI. The 

list of three recommended objects was proposed to the users each time they visit a 

category page of the travel agency (State I. as defined in Figure 6). The 

recommendations were based on the based on the non-personalized Popularity-based 

algorithm as described in 6.3. Similarly as in 8.2.2, only the objects belonging to the 

current category were proposed.  

The experiment was conducted in two phases: 

1. Evaluating performance of each IPI separately. 

2. Evaluating combinations of IPIs with weights based on the results of the 

previous phase. 

In the first phase, in total 6820 participating users were randomly assigned into one 

out of 7 groups. Each group received three recommended objects on each category page 

based on one of following approaches: 

 Random objects from current category (Random from Cat.)  

 Popular objects from current category (Popular from Cat.) as proposed in 6.3. 

The popularity score of the objects was based on one out of 6 IPIs (five 

indicators were described in 7.2.2, one was added for the purpose of this 

experiment): 

o PageViews 

o DwellTime 

o MouseOvers 

o ScrollingTime 

o Purchase 

o Click Through Ratio (CTR) is the ratio between the numbers how 

many times was the object clicked and the how many times was the 
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object recommended. This indicator was aggregated for all users, 

whom was the object proposed. 

The results of the first phase are shown in Table 41. The recommendations based on 

the ScrollingTime were significantly better in terms of User CTR than Purchase, 

PageViews and Random recommendations (p-value < 0.0395), also CTR outperformed 

Random and PageViews based recommendations with some significance (p-value < 

0.0527). For direct CTR, all methods performed significantly better than Random (p-

value < 0.0014). 

Table 41: Results of the first phase of the experiment on evaluating various IPIs aggregation 

methods. Table shows results of the non-personalized recommendations based on the single 

IPI. 

Method User CTR Direct CTR 

Random from Cat 23.88% 3.02% 
Popular from Cat. (PageViews) 23.27% 4.11% 
Popular from Cat. (DwellTime) 26.67% 4.50% 
Popular from Cat. (MouseOvers) 24.57% 4.15% 
Popular from Cat. (ScrollingTime) 28.27% 4.94% 
Popular from Cat. (Purchase) 24.12% 4.06% 
Popular from Cat. (CTR) 27.64% 4.38% 

 

In the second phase, we focused on the Hierarchical model of IPIs Aggregation. In 

total over 3000 participants were divided into four groups, each group receiving 

recommendation based on one of the following approach: 

 The best resulting IPI from previous phase (ScrollingTime) as a baseline. 

 Average of all IPIs 

 Weighted average of the three best resulting IPIs. Weights were set according 

to the rank of the method in terms of Direct CTR.  

 Priorization model for the three best resulting IPIs (ScrollingTime prior to 

DwellTime prior to CTR)  

Similarly as in the previous case, the list of recommended objects was computed by 

the non-personalized popularity algorithm considering only objects from the current 

category. Results can be found in Table 42. 

Results were unfortunately not very conclusive. The priorization model performed 

better than Scrolling based model in terms of Direct CTR with some significance (p-

value=0.09), however no other significant differences were found. There might be 

several reasons for this. One possibility is that potential effect of the combination 
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method is smaller than expected, so its outcome could be seen only in larger 

experiments. Another possibility is that using only objects from the current category is 

too restrictive and leaves very little space for improvements for any recommending 

algorithm. Thus, in the majority of the experiments conducted later on, we did not hold 

this restriction.  

Table 42: Results of the second phase of the experiment on evaluating various IPIs 

aggregation methods. Table shows results of the non-personalized recommendations based 

on different aggregation of IPI values. 

Method Direct CTR User Conversions 

Rate 

Popular from Cat. (ScrollingTime) 4.36% 1.07% 

Popular from Cat. (AVG of all IPIs) 4.54% 1.41% 

Popular from Cat. WAVG(ScrollingTime, 

DwellTime, CTR) 
4.95% 1.49% 

Popular from Cat.  

ScrollingTime prior to DwellTime prior to 

CTR 

5.12% 1.05% 

 

8.2.5 Experiment on Learning Implicit Negative Preferences 

This experiment focused on adjusting common recommending algorithms to reflect 

negative user preference expressed by Visible & Ignored behavior (see 4.5.1). The aim 

was to corroborate whether Visible&Ignored behavior may serve as an indicator of 

negative user preference. The experiment used rather simple interpretation of the 

indicator which will be described in detail later on. The experiment was held during 

April and May 2012 on the Travel Agency website. The estimated user rating �̅�𝑢,𝑜 was 

based on the average of PageViews, DwellTime, MouseOvers and ScrollingTime local 

ratings (the indicators corresponds with Basic User Behavior Dataset described in 

7.2.2). Linear normalization (as described in 4.2.1) was used to learn local ratings from 

raw values of each IPI. The list of three to five recommended objects was proposed to 

the users each time they visit a category page of the travel agency (State I. as defined 

in Figure 6). 

The participating users were randomly assigned to one of three groups. Each group 

received recommendation based on one of following methods: 

 User-based K-NN algorithm recommending best rated objects of 10 most 

similar users based on the estimated rating �̅�𝑢,𝑜. 
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 User-based KNN employing implicit negative preference (Negative K-NN), 

proposing only objects which were either clicked in the past by the user (i.e. 

not Ignored), or not ignored more than twice by him/her (i.e. not sufficiently 

Visible yet). 

 Random objects from current category as baseline 

The threshold for the occurrence of Visible&Ignored behavior was set arbitrary as 

there were no available data, from which it can be learned. The setting that three or 

more appearances of Visible&Ignored behavior disqualifies object have following 

interpretation. Let us consider Probabilistic Local Closed World Assumption PL-CWA 

(Definition 8) with probability that each object is noticed pn,o ≥ 2/3. If the object is 

recommended three times, its noticebility 𝑃o ≥ 0.95. The relatively high probability 

that object was noticed seemed reasonable as the list of recommended objects was 

displayed near the top of the page and was immediately visible for most users. 

 

Figure 23: Results of the on-line experiment on learning negative implicit preference. The 

figure depicts dependency of Direct CTR success metric on the volumes of recommended 

objects for three recommending algorithms. 

The Figure 23 shows the results clustered according to the total number of objects 

recommended to the users. The results unfortunately did not support our theory. There 

are several possible reasons. The probability that object is noticed could have been 

overestimated. In the experiment we did not include other relevant IPIs, e.g. 

dwellTime.  Also simply omit Visible&Ignored objects from the objects available for 

recommendations might be too straightforward – some more refined recommending 

method might be necessary.  
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8.3 Experiments Summary 

In this section, we would like to briefly summarize outcomes of the experiments: 

- In several experiments we show improvements of complex models of user 

feedback over a simple binary user feedback (8.1.4, 8.1.6, 8.2.3). 

- In some experiments we also show improvements of complex models of user 

feedback over a single numeric user feedback (8.1.4, 8.1.5). 

- Employing page context provided substantial improvements of purchase 

prediction task (8.1.5). 

- Purely collaborative methods were evaluated as inferior to the content-based, 

hybrid (8.1.7) and non-personalized (8.2.2) approaches. 

- According to the 8.1.3, each IPI requires slightly different approach in order to 

provide optimal performance in terms of known objects ranking. 

- Compensatory aggregations of IPIs based on both positive-only and positive and 

negative models of user feedback slightly outperformed the machine learning 

baselines (8.1.4, 8.1.6). 

- Adding external knowledge from DBPedia improved quality of 

recommendations, despite the low precision of resource identification and 

suboptimal domain coverage (8.1.9). 

- Proposed approach to incorporating implicit preference relations improved 

quality of  majority of the evaluated recommenders (8.1.7). 

- Proposed approach to decrease failed purchases is effective, if the expected 

impact of the bulk offer is large enough (8.1.8). 

- We did not find enough evidence to support the proposal of hierarchical model 

of user preferences (8.2.4). Similarly the model of negative preference based on 

PL-CWA assumption did not improve the quality of recommendations (8.2.5).  

- Online experiments were not very conclusive in general. It seems that some of 

the considered effects (i.e. the choice local rating learning method) might not 

have so substantial effect on the user evaluation. The overall traffic on the 

experimented websites is not very high, so longer experiments or fewer 

recommendation strategies might be necessary to see those effects also in terms 

of on-line success metrics. 
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9 Software Supporting Recommending on E-Commerce 

9.1 IPIget Tool for Tracing User Behavior 

In order to support and simplify future research on the domain of implicit user 

preference mining, we designed a component for collecting implicit preference 

indicators. The component is written in JavaScript (client side) and PHP (server side) 

and communicating over AJAX requests. Client side collects implicit preference 

indicators, store them locally and aggregate them during the visit. The AJAX requests 

with current values of the preference indicators are posted periodically (and also just 

before closing of the current page) to the server and stored into the database. The 

process is depicted on Figure 24. Collected IPIs largely corresponds with the proposed 

set of indicators defined in 3.5. In fact, the proposed set of indicators is the product of 

analysis of data produced by the IPIget during real deployment. The exact set of 

collected features in the attached version of IPIget is shown in Table 43. 

 

Figure 24: Top-level architecture of IPIget. Behavior of the user is observed and stored 

locally for each webpage by JavaScript. It is then periodically send to the server and 

updating database record for particular user id, page id and session. Afterwards 

recommender system or any other preference mining tool can be employed 
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Table 43:Description of features monitored by the IPIget component. If the feature has an 

equivalent in the current model of Implicit Preference Indicators (Table 2, Table 3), these are 

shown in the brackets. 

Identification User ID 

Page ID 

Object ID 

Session ID 

Page Context NumberOfImages (c5)  

TextSize (c6) 

NumberOfLinks (c4) 

PageSizes (c1)  

BrowserWindowSizes (c2)  

DisplayedObjects (c7) 

PageType (C0) 

Time  VisitStart, VisitEnd (Ipi17, Ipi18) 

Numeric 

Implicit 

Preference 

Indicators 

DwellTime (ipi2) 

PageViews (ipi1) 

MouseClicksCount (similar as ipi10, however considering only 

mouseclick event) 

MouseMovementTime  (ipi3) 

MouseDistance (ipi4) 

ScrollingTime  (ipi5) 

ScrolledDistance (similar as ipi6 however do not distinguish x and 

y coordinates) 

PrintPageCount (number of times the page was printed) 

SelectCount  (ipi8) 

CopyCount (ipi9) 

ForwardedToObject (similar as ipi11, however considering only 

links leading to the objects) 

StartPurchaseCount (ipi12) 

PurchaseCount (ipi13) 

Non-numeric 

Implicit 

Preference 

Indicators 

SelectedText (Ipi14) 

CopiedText (Ipi15) 

ForwardedToObject (similar as Ipi16, however considering only 

links leading to the objects) 

Logfile 

9.1.1 Key Parts of IPIget Component 

The IPIget component itself consists of three files: 

 TraceUser.js contains source code identifying all context features and IPIs, 

populating them and arranging its dispatch to the server-side storage. Any 

changes on the set of collected behavior patterns should be done within this 

file.  

 AjaxRequest.js handles asynchronous connection to the server-side storage 

 StoreVisit.php handles storing the traced behavior into the MySQL database 

Another three files were created in order to support deployment process: 
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 CreateTable.sql executes SQL query creating table for storage of the traced 

behavior 

 SampleCatalogue.html and SampleObjectDetail.html are sample pages 

illustrating deployment of the IPIget component 

9.1.2 Deployment of IPIget Component 

As the deployment of the IPIget component comprises of integration into unknown 

systems, possibly heterogeneous, we can provide only general information about steps 

which needs to be executed in order to put the user tracing into operation. Following 

steps needs to be executed. 

1. Download the IPIget component 

2. Set database connection parameters on StoreVisit.php 

3. Run SQL query creating storage table (CreateTable.sql) on your server-side 

database 

4. Link all client-side scripts to all pages, where the user tracing should be 

executed (see the examples in SampleCatalogue.html and 

SampleObjectDetail.html) 

5. Update your webpages to properly identify blocks containing objects (add 

class attributes as shown in the SampleCatalogue.html) 

6. Update your webpages to make information about userID, pageID, objectID 

and pageType available. This information is beyond control of IPIget and 

must be assets from the server-side. PageID could be simple URL of the 

current page; users can be identified via cookie or login information. 

7. Upload all changed files 

9.2 UPComp Recommending Component 

The UPComp recommending component was introduced in [72] as a summary of 

the author’s diploma thesis. The purpose of UPComp was to be a fully operational 

recommender system for small e-commerce vendors. UPComp supposed to be an 

integral part of the e-commerce (i.e. to be run on the same server and maintained by 

the same webmaster), which decreases infrastructure requirements and additional costs. 

UPComp differs from other recommending tools in following features: 

 Focusing primarily on operational deployment on small e-commerce vendors. 

 Capability of working with (extendible) set of diverse numerical feedback. 



 

158 

 

 Query-like interface for providing recommendations. 

 Possibility to aggregate multiple recommending algorithms. 

Focusing on diverse types of feedback comes from the properties of small e-

commerce (lack of explicit feedback) as well as research aim of the author. During the 

deployment we stressed on the ease of use. UPComp is portable on mostly any e-

commerce running on PHP+MySQL, easy to install and extend. 

The need for aggregation of multiple recommenders comes from the sparsity and 

cold start problems. If some (more sophisticated, personalized) recommender fails to 

provide any recommendation, we need to have some fallback methods. 

Source Code 2: UPComp sample query.  

1 $recommenders = array( 

2   new ObjectExpression("", "ObjectRating", "10", "VSM",  

    array( 

      "usersArray"=> array($userID=>1), 

      "noOfObjects" => 10,  

      "implicitEventsList" => array( 

        "pageViews",  

        "dwellTime",      

        "purchase") 

3     )), 

4   new ObjectExpression("", "ObjectRating", "2", "Popular", 

    array( 

      "noOfObjects" => 10,  

      "implicitEventsList" => array("purchase") 

5     )), 

6   new ObjectExpression("", "ObjectRating", "1", "Popular", 

    array( 

      "noOfObjects" => 10,  

      "implicitEventsList" => array("pageViews") 

7     )) 

8 ); 

9 $query = "SQL query selecting candidate objects"; 

10 $qHandler = new QueryHandler($query, "", "", $recommenders); 

11 $qHandler->sendQuery(); 

As far as we know, the query-like approach is rather unique in recommender systems 

tools. We opted for it during the design of the UPComp as our working hypothesis was 

that UPComp will serve mostly as an replacement for some simpler SQL queries. The 

query-like approach thus might be more natural way of requiring information. Also if 

an aggregation of recommenders can be executed within a query, it will spare time an 

effort needed for a procedural solution. We show a sample query in Source Code 2. 

Sample query aggregates three recommender instances (one VSM, two popularity 
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based). Each recommender has different weight (10,2,1) and is based on different set 

of implicit events. 

Compared to the original version described in [72], several novel algorithms and 

approaches to integrate implicit feedback were introduced. Current version of UPComp 

can be obtained on the thesis CD. 
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10 Conclusions 

In this thesis we aimed on improving recommendation for small e-commerce 

vendors and focused primarily on learning from implicit user feedback, which we 

identified as a key component of recommending on e-commerce. 

We proposed a complex model of user feedback specific for small e-commerces 

(Section 3.5), implemented software component collecting it (Section 9.1) and 

proposed several novel methods to learn preferences based on implicit feedback 

(Chapter 4). The proposed methods aims to interpret value of each implicit preference 

indicator separately (4.2, 4.5.2), aims to combine values of multiple implicit preference 

indicators (4.3), or aims to explicitly compare objects (4.4). The methods were 

evaluated in off-line and partially also on-line experiments. We think that especially 

Implicit Preference Relation based approach (8.1.7) and compensatory aggregation 

methods (8.1.4, 8.1.6) performed quite well. Experiments also shown that by using the 

proposed model of user feedback, we can improve recommendations quality compared 

to the simple models of feedback (8.1.4, 8.1.5, 8.1.6, 8.2.3). 

In line with the general focus of the thesis, we examined the possibility to enhance 

recommender systems by some external datasets (Chapter 5). Adding external 

knowledge from DBPedia improved quality of recommendations on a book domain, 

despite the low precision of resource identification and suboptimal domain coverage 

(8.1.9). We also introduced the concept of failed purchases and proposed post-filtering 

methods to decrease it (6.8).  

We believe that the published datasets are a contribution of some kind too. Datasets 

provide a platform for benchmarking all classes of recommending algorithms, 

incorporating various types of implicit feedback, content of objects and several  

contextual features as well. Datasets are quite unique and free to use by other 

researchers, thus we hope they may increase interest in research in recommending on 

small e-commerce domain. 

10.1 Future Work 

There are several possible directions of our future work. First direction considers 

the implicit feedback itself. We used only some elementary approximations to the 

noticeability of objects in this work and wish to extend it in future. This is, according 
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to our assumption, best way to handle user’s “ignoring” behavior. Context of the page 

and device was mentioned only briefly, but its impact seems quite significant (8.1.5), 

so it is worth of further studying. Also incorporating temporal effects and the context 

of available choice could provide increased performance for the long-term users. The 

proposed model of implicit feedback aimed to provide maximal information, however 

some experiments (8.1.5) and data analysis (7.2.3.2, 7.3.3.2) indicates possible 

redundancies in the proposed set of indicators, so some work towards  its reduction 

without decreasing its informative value can be done too. 

Proposed learning methods and algorithms can be extended too. For instance, we 

mentioned several possible directions for Implicit Preference Relations in 6.6.4. Some 

of the other methods (e.g. hierarchical model or negative preferences through visible 

& ignored behavior) were evaluated only in their basic forms. Furthermore, we wish to 

allocate some work towards combination of the proposed approaches. One example is 

using implicit preference relations, where the relation intensity is defined through the 

local negative preferences method on the object detail page. Also in the thesis we 

focused mainly on interpreting implicit feedback as user rating, however other 

approaches are possible. One direction of our future work is to use detailed implicit 

feedback on the level of page segments or object attributes to build user’s content-based 

profiles, omitting the concept of user ratings on objects. Textual IPIs, attributes 

noticeability or direct preferences can be used for this task. 

Our belief and one possible direction of long-term future work is that implicit 

feedback and user preferences in e-commerce have broader applicability than just 

knowledge base for recommender systems. Systems for decision support in marketing 

or product management or products assembling can be natural extension to the user 

preference learning on e-commerce.  

We consider the problem of incorporating external data sources to be currently more 

of an industrial task than an active research topic, although some interesting results can 

be still received by incorporating uncommon datasets or its creation. 

In general, we were slightly disappointed with the lack of conclusiveness of the on-

line experiments. We will definitely repeat those experiments with substantially more 

allocated time, but there is also some space for works identifying key factors affecting 
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success of recommendations on e-commerce and subsequently proposing changes in 

off-line evaluation protocols in order to better reflect real user evaluation process. 
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Appendix 

A Additional Content 

Additional content of this thesis is available on thesis CD or online via google drive 

service: https://drive.google.com/folderview?id=0B5USnAj7LyUvRUdYdVRpc0JiRVU&usp=sharing 

Thesis additions contains datasets described in this thesis, IPIget and UPComp 

software, pre-print version of all published papers of the thesis author and text of the 

thesis itself. 

Additional content has following structure: 

- Datasets 

o Travel Agency 

o Secondhand Bookshop 

o ESWC Challenge 

o RecSys Challenge 

o RuleML Challenge 

- Software 

o IPIget 

o UPComp 

- Published papers 

- Thesis text 

For updates of the software you can check also its GIT repositories: 

- IPIget: https://github.com/lpeska/IPIget 

- UPComp: https://github.com/lpeska/UPComp 

- IPRs: https://github.com/lpeska/Implicit-Preference-Relations 

  

https://drive.google.com/folderview?id=0B5USnAj7LyUvRUdYdVRpc0JiRVU&usp=sharing
https://github.com/lpeska/IPIget
https://github.com/lpeska/UPComp
https://github.com/lpeska/Implicit-Preference-Relations
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