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Abstract

This thesis explores in depth how to use the user browsing behavior, and in
particular the referrer URL, in order to understand the interest of the users.
The aim is, first, to understand the preferences of the users from their navi-
gation patterns, i.e., from the implicit actions of the users. Then, to exploit
this information to personalize the content offered by the service provider.
The key findings from our studies allowed us to propose different solutions
in terms of recommender systems and ranking approaches for media items.
We show how the browsing behavior of the users captured by the browsing
logs is extremely meaningful to understand new users and to estimate their
preferences.
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Resumen

Esta tesis analiza de modo exhaustivo el comportamiento del usuario en
la web y, en particular, su interacción con las URLs recomendadas, para
así conocer sus intereses. El objetivo fundamental es, en primer lugar, en-
tender las preferencias de usuario a partir de sus patrones de navegación
por la web, estudiando sus acciones implícitas. En segundo lugar, se trata
de aprovechar esta información para personalizar el contenido ofrecido por
el proveedor de servicios. El resultado de estos estudios nos ha permitido
proponer diferentes soluciones en términos de sistemas recomendadores y
ranking de productos multimedia. De este modo, hemos podido demostrar
cómo el comportamiento del usuario en la web, obtenido a partir de registros
de navegación, es extremadamente útil para comprender a nuevos usuarios
y poder así estimar sus preferencias.
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Chapter 1

Introduction

In recent years, social media platforms have grown very fast in terms of
number of users involved. As a result, the data and the information that are
spread through these platforms, and that can be found online, have grown
exponentially. Nowadays, web users have access to more information and
more resources than they ever had. Social media platforms are updated
continuously, photo- or video-sharing websites have billions of media items
available, news portals have thousands of new articles per day, and the
list could cover almost any type of website. Users need to explore a large
amount of information in a limited period of time, often losing themselves in
information overload. As a consequence, users struggle to find what they are
looking for, and often they could miss interesting information. In the context
of specific domains like news portals or social media sites typically rich of
data, the information overload is a fundamental problem that needs to be
properly addressed. These represent the most visited domains in the Web,
since the online newspapers cover almost 40% of the overall Internet visits,
and social media websites around 20%,1 and the volume has considerably
increased in the last years (as reported by Nielsen [92, 19]).

In order to help and guide the users into the huge collection of data, their
interests and preferences need to be understood. Nevertheless, users are
rarely motivated2 [111] to give feedback to the service provider even if this
leads to an improvement of their experience. Users with this behavior are

1http://www.people-press.org/2012/09/27/section-2-online-and-digital-news-2/
2http://blog.elatable.com/2006/02/creators-synthesizers-and-consumers.

html

1

http://www.people-press.org/2012/09/27/section-2-online-and-digital-news-2/
http://blog.elatable.com/2006/02/creators-synthesizers-and-consumers.html
http://blog.elatable.com/2006/02/creators-synthesizers-and-consumers.html
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known as passive. On the opposite, active3 users on a social network, are
those users that are actively contributing to the website. For example, by
making actions (e.g., liking, sharing, commenting), by managing contents,
or by expanding their social connections. These signals provided by this type
of users, are meaningful to understand their taste and their preferences. In
Flickr, it was observed [93] that active users account for approximately 10%
of the Flickr population. This percentage is in line with many other social
platforms and websites [111]. As a consequence, it becomes really difficult
to understand what kind of photos the majority of the users prefer.

The user’s feedback can be classified into two types: explicit and implicit.
The first one refers to the set of actions that the user does, directly specifying
his or her personal opinion in relation to a context. A well-known example is
Netflix, where users votes on a stars-scale how much they enjoyed the movie
or series. In social networks like Facebook or Twitter, some of the actions
made by the users clearly indicate their level of interest, i.e. likes, retweets
or favorites. In general, users can express their opinion, rate or share the
content, or make other actions that are likely to indicate their interest. In e-
commerce platforms like Amazon and eBay, purchases are another indicator
of user taste. In those cases, the service provider can collect these actions
for each user and build a user profile, i.e., a set of user characteristics and
preferences, with the aim of improving its service for the specific user.

Explicit preferences usually represent clean and reliable data that might
contain both, positive and negative opinions. Implicit actions, instead, are
related to the users opinions but they are automatically inferred from the
users’ behavior. Some examples are the sequences of pages that the user
visits, the time spent on each page, the clicks performed inside the page,
the URL from where the user is accessing the page, and so on. On one
hand, this different data is very noisy, since the users’ preferences have to
be interpreted, and they are not directly declared by the users themselves.
On the other hand, the implicit actions are always available since they are
extracted from the navigation logs, unlike explicit actions that imply the
user to be active on giving his feedback. This is one of the reasons that this
data is an extremely powerful source of information.

In some cases, the users are unknown, that is, there is no information about
their previous visits, and the only knowledge available about them is repre-
sented by the implicit actions they are currently doing in the website (e.g.,
web pages that they are visiting, time spent on each page, the actions that

3http://www.thinkingit.com.au/blog/definition-of-active-users

http://www.thinkingit.com.au/blog/definition-of-active-users
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they are performing, etc.). These cases are known as cold-start problems,
and these types of users are often called newcomers or new visitors. Any
action the user performs on a website is stored into logs that keep track of
all the web pages the user visited, together with additional data the user
provides. These logs are generated at the server-side and they contain in-
formation such as the browser used, the location, the previous page visited
by the user (called referrer URL), the timestamp, and so on. Most of this
information is very helpful to gain some insight about the user, especially in
the context of newcomers where it might be the only information available.
Collecting and analyzing previous navigation logs allows to identify users
with similar behavior.

This thesis focuses on how to exploit the implicit information extracted by
the users navigation patterns, that is, the web pages visited by the users. In
particular we consider the newcomers, tackling the cold-start problem. We
propose different solutions and we discover novel approaches to personalize
the information content at the user level.

We show how to exploit this information, focusing particularly in the referrer
URL. We tackle this problem by using the BrowseGraph, a graph built on
the user navigation sessions where the nodes are the web pages and the edges
are the transitions. The BrowseGraph was previously used for computing
page importance [72] revealing to be more reliable and dynamic than the
standard hyperlink graph. This thesis introduces the BrowseGraph in the
context of news and photo-sharing websites, with the goal of improving
ranking and recommendation of media items such as articles and photos
or videos. We define the notion of domain-dependent BrowseGraph that
we call ReferrerGraph, namely a graph composed by the browsing sessions
of users coming from the same referrer domain (e.g., users coming from
facebook.com). Our studies and experiments show how these graphs can
exploit the referrer URL, retrieving information about the newcomers and
improving services such as recommendations. This reveals to be extremely
important for the service provider, as the results reported in this work allow
to personalize the navigation of the users and increase their engagement
finding interesting content.

The structure of this thesis is synthesized in Figure 1.1.
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Figure 1.1: The figure summarizes the contents of the dissertation, with the
three main parts that contain the results, preceded by an introductory and
contextual discussion and followed by the general conclusions.

1.1. Research Problems

In this section we summarize the research questions and the contributions
of this thesis.

As mentioned, the vast majority of users do not explicitly give any feedback
about their taste and preferences. This lack of information for the service
provider, translates into the impossibility to promote personalized content
of high interest to the users. Thus, the service provider has to extract
meaningful information from implicit user feedback.
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Q1. How could the content of interest be promoted to the users if we do not
know anything about them? Is it possible to perform a personalization
of content to newcomers?

This problem is known as cold-start, and in this context, it refers to how to
deal with unknown users4. When there is little user explicit information, the
cold-start problem has been addressed extending the user profile using, for
example, association rules [95, 91, 66]. Other solutions are based on mapping
models, where the implicit user feedback are mapped into explicit ratings
and then an explicit-based algorithm is used [82, 83, 6, 25, 53]. However,
these approaches require a minimum set of implicit information about the
user and, in some cases, also the explicit feedback in order to build the
mapping model. In our case, we focus on a cold-start problem where the
user enters for the first time inside the system and we do not have any
previous information, neither implicit nor explicit.

Any action that a user performs on a website is stored into logs that keep
track of all the web pages visited with a set of additional data that the user
provides. This information is always available at the server side. In this the-
sis we focus on mining this source of data exploiting meaningful information
in order to understand the user, as we show starting from Chapter 4. We ex-
ploit the BrowseGraphs since, due to its dynamic characteristic, it has been
proof [72] to be more reliable to capture the users interests and behavior. In
Chapters 5 and 7 we introduce a new structure called ReferrerGraph, that is
a sub-graph computed by the browsing sessions but it is strictly dependent
of the external referrer, namely the last URL or domain visited by the user
before entering into the network. This graph collects the behavior of the
users that come from the same external domain (e.g., Facebook or Yahoo).
We use them to model the user behavior and predict what the user is going
to visit and what kind of sessions she will perform. To our knowledge, these
graphs, and the approaches applied, were never used before for any of the
presented applications.

The BrowseGraph has been used before only as alternative source for com-
puting the importance of web pages. Anyhow, this graph differs by definition
from the well-known hyperlink graph and due to its limited diffusion it has
not been well studied in literature. However, we have not guarantee that

4Cold-start refers to the issue that the system cannot draw any inferences for users
or items when there is not enough information. In this thesis we consider only the users’
cold-start problem.
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computing PageRank-like measures on this (sub-)network leads to reliable
results since this graph has been studied very little before.

Q2. How do PageRank-like algorithms behave on the BrowseGraph and on
the ReferrerGraphs? Are these graphs reliable in this context to un-
derstand user behavior?

The BrowseGraph has been compared to the standard hyperlink graph [72,
73] using different centrality-based algorithms. However, there is a lack of
research about browsing graphs due to its novelty. One of the few works
was presented by Lee et al. [124] where they made a similar comparison
building a web spam identifier. Their experiments showed that algorithms
performed on the browsing graph outperform those on the original graph.
In this thesis we perform an in-depth analysis on the reliability of the users’
browsing graphs, with centrality-based techniques such as PageRank [81],
in order to support their use.

In Chapter 5 we perform experiments of random walk-like algorithms on
BrowseGraphs and ReferrerGraphs, to understand the limits and the advan-
tages of them. Our goal is to study and analyze the applicability of these
types of algorithms on this graph. One of the problem that we tackle is the
well known Local Ranking Problem, widely studied for the hyperlink graph
(see [29, 37, 7, 18, 17]), but never considered in the browsing graph. This
is related to the computation of centrality-like algorithms on a local graph
where the scores of the nodes, and the ranking itself, could significantly dif-
fer with respect to the one computed on a global graph where all the nodes
and edges are known. We analyze what are the differences between the local
computation of PageRank with respect to the global graph when we expand
step-by-step the local graph with its neighbors. Our studies are the first of
this kind on any graph based on browsing sessions. Among other findings,
we found that expanding the BrowseGraph with few neighbors with high
importance leads to a faster convergence. This outcome will support the
approach used on this thesis, in particular in Chapter 7.
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The information about the users navigation patterns included in the Browse-
Graph allows to extract meaningful information about the behavior of the
users. Moreover, the ReferrerGraphs help to characterize the users by dis-
tinguishing different interests and types of web pages visited.

Q3. Would it be possible to exploit these browsing graphs in order to recom-
mend novel and interesting content to users? What is the contribution
of these graphs compared to standard methods based on implicit or ex-
plicit data?

In this thesis, after showing how it is possible to predict the actions of
the users with the BrowseGraph and the proposed ReferrerGraphs, we per-
form various ranking and recommendation tasks using different sources. We
briefly show, in Chapter 8, how the user makes explicit actions in a photo-
sharing platform such as Flickr, and how the mechanisms of a social platform
(e.g., interacting with other users, sharing contents) increase the engage-
ment and the users interest. Finally, in Chapter 9, we compare standard
approaches based on the users’ implicit and explicit feedback and we discuss
the difference between such applications and the random walk approaches
based on the BrowseGraph. While in the literature such comparison was
not explored, our proposed evaluation metrics are effective to understand
the difference of the methods applied.

1.2. Structure and Contributions

This thesis begins with three chapters that describe the overall context of
the dissertation, then three main parts describe the results, and finally a
chapter discusses the main conclusions.

Context and Methodology

These two chapters describe the context of this thesis, the problems to deal
with, and the general approaches and datasets used.

Chapter 2: A description of the work that has been presented in the state of
the art, highlighting the difference and the contribution of the thesis
is presented.

Chapter 3: This chapter describes the datasets and different set of algo-
rithms and approaches that are used in this thesis.
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Part I. Browsing Activity and BrowseGraph

The second part of the thesis introduces a practical case of user browsing
behavior. It shows how to mine the web log data, how to model the user
sessions, and how to exploit the referrer URL. The goal is to understand
the behavior of the user by his or her navigational patterns. In addition,
two fundamental structures of this thesis are introduced and explained: the
BrowseGraph and the ReferrerGraph, that are analyzed deeply in Chapter 5.

Chapter 4: A first study on the user browsing behavior inside the Flickr
website network is presented. It exploits an important source of in-
formation: the external referrer URL, namely the last URL visited
by the user before entering in the current website. The study shows
the rich informativeness of the referrer URL, and how to exploit it in
order to identify the user behavior. The content of this chapter is a re-
sult of collaboration with Luca Chiarandini, co-author of the following
article:

• [32] Luca Chiarandini, Michele Trevisiol, and Alejandro Jaimes,
“Discovering Social Photo Navigation Patterns”, IEEE Interna-
tional Conference on Multimedia and Expo (ICME 2012), pp.
31-36, Melbourne, Australia, July, 2012.

Chapter 5: This chapter describes a deeper analysis on different Refer-
rerGraphs, namely a browsing graph built on sessions with the same
referrer URL. The behavior of users coming from different URLs is
analyzed on Yahoo News data: different referrer URLs often reflect
different behaviors. Moreover, a study in time of the evolution of the
BrowseGraphs is performed in conjunction with the computation of
random walk like algorithms and their performance. A well-known
problem, called Local Ranking Problem is tackled, and two different
applications are proposed. This chapter reinforces the importance of
the BrowseGraphs, a structure that is vastly used on the experiments
of this thesis, and it proves how random walk-like algorithms are mean-
ingful also on this type of graphs. The content of this chapter is based
on the following article:

• Michele Trevisiol, Paolo Boldi, Luca Maria Aiello and Roi Blanco,
“Local Ranking Problem on the BrowseGraph”, under review.



1.2. structure and contributions 9

Part II. Implicit Information in Recommendation

The third part of the thesis implements different recommender systems based
on implicit data. Two main applications are built and evaluated, the first
one on Flickr recommending entire set of photos, and the second one on
Yahoo News recommending articles. Both the applications present strong
challenges in the context of recommending items from huge and highly sparse
collections (i.e., Flickr and Yahoo News) where it is fundamental to drive
the user towards the most interesting content.

Chapter 6: A Flickr photostream recommender system is proposed and eval-
uated. Flickr users tend to navigate through photostreams, i.e., a set
of photos that share some common characteristics such as same au-
thor, similar topic, shared group, etc. We first study how users exploit
the photostreams. Then, different recommender systems are proposed
in order to compare a standard tag-based approach with a collabora-
tive filtering based on similar users navigation behavior. The content
of this chapter is a result of collaboration with Luca Chiarandini, co-
author of the following article:

• [31] Luca Chiarandini, Przemyslaw A. Grabowicz, Michele Tre-
visiol, and Alejandro Jaimes, “Leveraging Browsing Patterns
for Topic Discovery and Photostream Recommendation”, in
International AAAI Conference on Weblogs and Social Media
(ICWSM2013), Boston, USA, July, 2013.

Chapter 7: In a news portal like Yahoo News with a vast collection of news
articles with thousands of new articles posted every day, it is very easy
for the user to get lost in the amount of data without reaching all the
highly interesting articles. We consider the cases where the user profile
is not known, in other words where we do not know the user’s tastes.
Our approach is to use the ReferrerGraphs to improve the articles to
recommend to the user. The content of this chapter is based on the
following article:

• Michele Trevisiol, Luca Maria Aiello, Rossano Schifanella and
Alejandro Jaimes, “Cold-start News Recommendation with
Domain-dependent BrowseGraph”, under review.
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Part III. Implicit and Explicit Information

In the last part we compare different explicit and implicit approaches. Among
those, the ones based on the ReferrerGraphs, highlights the characteristics
of each of them with the advantages and disadvantages.

Chapter 8: A study on user explicit action behavior is performed on Flickr,
where we used users’ favorite photos as a direct way of indicating a
preference. The goal was to get insights about the “liking” behavior
in social media, and to inform strategies for recommending items that
users may like. Finally, we perform a favorite recommender experiment
based on the outcome of our analysis. The content of this chapter is
based on the following article:

• [69] Marek Lipczak, Michele Trevisiol, and Alejandro Jaimes,
“Analyzing Favorite Behavior in Flickr,” in International Confer-
ence on Multimedia Modeling (MMM), Huangshan, China, Jan-
uary, 2013.

Chapter 9: Finally, we compare different approaches based on explicit ac-
tions, i.e., favorites on Flickr, and on the vast implicit actions such
as clicks, views and ReferrerGraphs. Results show how the rankings
computed by different methods vary. Finally, thanks to the various
evaluation metrics we used, the peculiarity and specific characteristics
of each approach are highlighted and discussed. The content of this
chapter is based on the following article:

• [100] Michele Trevisiol, Luca Maria Aiello, and Alejandro Jaimes,
“Image Ranking Based on User Browsing Behavior,” in Special
Interest Group of Information Retrieval (SIGIR2012), Portland,
USA, August, 2012.

Conclusions and Appendix

The reminder of the thesis includes the conclusions and the appendix. The
first one discusses the overall results and contributions presented in the
dissertation, whereas the latter one contains the supplementary material
and other information that might assist the reader.



Chapter 2

State of the Art

This section contains an overview of the most recent work related to this the-
sis. It covers work related to implicit user feedback, with a particular focus
on user browsing behavior, BrowseGraph, and the cold-start problem in rec-
ommender systems. Related publications on recommendation and ranking,
based on both implicit and explicit information, are also discussed.

2.1. User Browsing Patterns and BrowseGraph

In recent years, a large number of studies of user browsing traces have
been conducted. Characterizing the browsing behavior of users, such as
type of pages they want to visit and time spent, is a valuable source of
information for a different number of tasks, ranging from understanding
how search behavior difffers among people/users [116], ranking web pages
through search trails [3, 117] or recommending content items using historical
browsing data [101]. In addition, also user demographic information, such
as age and gender, are deducible from the browsing traces [52].

In this thesis we focus on a data structure that is used to model selective
browsing patterns, presented by Liu et al. [72, 73]. They introduced the
BrowseGraph, a graph built by the users navigation patterns where the
nodes are web pages and the edges are browsing transitions made by users.
Liu et al. [74] discussed the difference between the standard hyperlinks graph
of web pages, and the graph of the browsing data. They compared different
centrality metrics computed on the standard hyperlink graph model, on the
BrowseGraph, and on their combination, finding that the BrowseGraph top
ranked pages have higher quality. Moreover, they show that a browsing

11
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graph generated from about 15 days of data is stable enough to be reliable,
in terms of convergence of centrality-based algorithms. As a result of its
good performance, several variations and improvements of BrowseRank have
been proposed in the recent past [127, 43, 30]. Besides the ranking algorithm
used, the quality of the ranking is heavily influenced by the graph that is
used to model the relations between documents. We want to remind that
a centrality algorithm is a method that measures the relative importance
of the nodes within a graph. In the next section we discuss some of the
applications that are based on these types of algorithms.

In the experiments discussed in the thesis, we used the BrowseGraph for
ranking and recommendation. We also proposed a novel graph, called Re-
ferrerGraph, based on the BrowseGraph but characterized by sessions that
start from the same referrer URL or domain. We found that the Refer-
rerGraphs are extremely valuable to identify the interest of the users through
the referrer domain, and to recommend personalized items also in a cold-
start situation. We are the first to experiment this type of graph for ranking
and recommendation of media items.

2.1.1. Graph-Based Ranking Algorithms

Among the most popular algorithms to rank nodes in a graph [15], there are
PageRank [81], HITS (Hypertext Induced Topic Selection) [58] and SALSA
(Stochastic Approach for Link-Structure Analysis) [61]. In addition, there
are many extensions of PageRank, such as TrustRank [48], VisualRank [56],
and BrowseRank. In this latter one, described by Liu et al. [72, 73] and
computed on the BrowseGraph, the web pages are weighted not only by
the number of incoming and outgoing links, but also by the time that users
spend on each page. We used this algorithm in Flickr, based on the as-
sumption that more time the users spend watching an image and stronger is
the implicit interest they express. In our experiments, we modify the origi-
nal BrowseRank algorithm, by computing (instead of estimating) the exact
values of stop and reset probabilities (see Section 9.2.2 in Chapter 9).

Traditionally web ranking algorithms have also been used to rank images.
The most frequent application use the meta-data associated with the im-
ages, social network data of the authors of the images, and content-based
approaches. A number of alternatives has been explored to improve the re-
sult of the web ranking task, including visual diversification [106, 118], near
duplicate detection [35], query expansion [51], visual position [33], faceted
detection [108], and re-rank based on click data [54]. Many works have ap-
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plied PageRank to multimedia retrieval. For example, a solution presented
by Jing et al. [55] is based on the content of the images: they extract visual
features from each image, classify the common ones, and create visual links
between them. In that case, the hyperlinks are given by visual similarity
among the visual features of the images. Liu et al. [70] instead, use a random
walk algorithm for tag ranking in Flickr, to overcome the sparsity problem
of the tags associated to the images inside the social network.

In the experiments described in this thesis, we use the BrowseGraph, and
we are not aware about any work that exploit this graph to understand
the user behavior, in terms of which page the users visit and which content
they prefer to consume. We extend the concept of BrowseGraphs, building,
analyzing, and exploiting the ReferrerGraphs for the purpose of recommen-
dation. Surprisingly, the informativeness of the referrer URL (or domain)
in a user browsing session has been studied very little. Figueiredo et al. [42]
and Yang and Leskovec [122] analyze popularity of content in online media.
They show that the referrer has a strong influence on the popularity of items
and could be used to predict it. Although not related to user browsing, they
acknowledge the importance of the referrer domain. A closer work was pre-
sented by Ratkiewicz et al. [87], where the traffic of Wikipedia articles was
studied, in terms of entry points, discovering that 95% of incoming traffic
was done by other Wikipedia pages or search engines. However, they did
not analyze any further this resource (i.e., referrer URL) and they did not
experiment any applications.

We are not aware about other studies that investigate the relation between
the referrer URL and the characterization of the user browsing session. In
this thesis we analyze in depth the referrer URL, building ReferrerGraphs
and proving how these new graphs might help to identify the users interests,
also in a context of cold-start.

2.1.2. Local Ranking Problem

It is important to report, that PageRank-like algorithms applied to a com-
plete network or to any of its subnetworks, yield very different results. This
problem is defined as the PageRank Local Ranking Problem (LRP) [14, 18].
The LRP was first introduced by Chen et al. [29] in 2004, who addressed the
problem to approximate/update the PageRank of individual nodes, without
performing a large-scale computation on the entire graph. They proposed
an approach that can tackle this problem, by including a small number of
nodes in the local neighborhood of the original nodes. Furthermore, Davis
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and Dhillon [37] estimated the global PageRank values of a local network
using a method that scales linearly with the size of the local domain. Their
goal was to rank web pages in order to optimize their crawling order, some-
thing similar to what was done by Cho et al. [34] who instead selected the
top-ranked pages first. In contrast with Boldi et al. [13], they found that
crawling pages with highest global PageRank perform worse in terms of con-
vergence time (to the global rank values). In this work we partial expand the
local graph with the neighbors nodes with highest (local) PageRank showing
an initial improvement on the convergence speed.

In 2008 the problem was reconsidered by Bar-Yossef and Mashiach [8] where
they simplified the problem calculating a local Reverse PageRank proving
that it is more feasible and computationally cheaper, as the reverse natural
graphs tend to have low in-degree maintaining a fast PageRank conver-
gence. Bressan and Pretto [18] proved that a general, efficient local ranking
algorithm does not exist, and in order to compute a correct ranking it is
necessary to visit at least a number of nodes linear in the size of the input
graph. They also raised some of the research questions that we discuss in
Section 5.4.2. They reinforce their findings in later work [17] where they
summarized two key factors necessary for efficient local PageRank compu-
tations: exploring the graph non-locally and accepting a small probability
error, two constraints that we are also considering in order to perform our
experiments on the browsing graphs.

When one wants to estimate PageRank in a local graph, the problem of the
information missing is tackled in various ways. In [8, 18] for example, the
authors make use of a model called link server (also known as remote con-
nectivity server [11]) that responds to any query about a given node with all
the in-coming and out-going edges and relative nodes. This approach with
the knowledge about the LRP allows estimating the PageRank ranking, or
even the score, with the relative costs. A similar problem was studied by
Andersen et al. [4], where their goal was to compute the PageRank contri-
butions in a local graph motivated by the problem of detecting link-spam:
given a page, its PageRank contributors are the pages that contribute most
to its rank. Contributors are used for spam detection since you can quickly
identify the set of pages that contribute significantly to the PageRank of a
suspicious page.

In our case, the Local Ranking Problem might occur because the subgraphs
that we use (e.g., Flickr, Yahoo News) are subsets of the entire Web. There-
fore, a ranking performed by PageRank-like algorithms applied to the entire
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Web, might present very different results compared to the same algorithms
applied to our subgraph (i.e., Flickr browsing graph). We study, for the
first time, the Local Ranking Problem on the BrowseGraph, with the aim to
understand its reliability for our usage. The problem we consider here is dif-
ferent and largely unexplored because we are studying the PageRank of the
different subgraphs based on user browsing patterns. None of the previous
work have tackled the Local Ranking Problem as we do in this thesis (see
Chapter 5), for various aspects: a) we study this problem for the first time
on a browsing graph; b) we perform the “growing ball” experiment, namely
expanding the subgraph incrementally adding nodes, and we study the con-
vergence of the PageRank scores at each step; c) we compare different nodes
selection approaches, and we found that adding few but very representative
nodes, leads to obtain a yet satisfactory PageRank convergence, minimizing
the final size of the graph. We use these findings in Chapter 9, where we
expand the local (browsing) graph with the external referrer nodes, that are
very representative (for centrality-based approaches) due to the high traffic
made by the users.

2.2. Flickr: Browsing, Ranking and
Recommendation

Flickr is a photo-sharing social network where users can share content and
interact among them. It has been used extensively in research, in large part
because it provides a public API that has allow researchers to easily obtain
large datasets.

2.2.1. Browsing Photo Collections

Several studies investigate image browsing patterns of users. Lerman et
al. [63] jointly use information about tags, social network, photo groups and
photo views to understand how different people browse photos. Srikant and
Yang [96] use implicit information extracted from server logs to improve
the design of a website. In particular, the authors analyze the server logs in
order to suggest modifications to the website link structure, to make content
easier to find for the users.

Various interfaces have been considered for image browsing. Fan et al. [41]
describe JustClick, which recommends images via interactive exploratory
search. They build a topic network based on Flickr tags, and propose an
interactive interface that allows the user to express a query by selecting im-
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ages. Their experiments are performed on a big Flickr dataset of 1.5 billion
images with 4, 000 different topics. Xu et al. [121] present an innovative
visual search interface based on topic clustering. Given the query and the
results from a search engine, latent topics are detected and clustered, then,
the clusters are shown in an intuitive layout. Ren and Calic [88] present
an interactive interface for browsing of large-scale image collections. Their
system is based on two main parts, an image clustering module and an
interface generation component, in order to retrieve the images in a more
efficiently way. Strong et al. [97] presented an approach for browsing images
based on conceptual and visual similarity, with the main benefit being that
the displayed images are grouped together. Zavesky et al. [126] proposed
a new framework called Visual Island, a novel organization algorithm for
interactively displaying results. The aim is to organize the images in order
to improve human comprehensibility and reduce required inspection time.

Multiple studies investigate image similarity in photo collections, e.g. [21,
125], where the goal is to organize the images that present similar visual
or textual information in groups of the same topic. We use user-generated
photostreams instead and split them into batches of photos. In the case of
Flickr, Gozali et al. [45] used a hidden Markov model to split photostreams
into groups of similar photos, and evaluate different layouts to represent
them.

In Chapter 6, we compare a tag-based recommender with a collaborative-
filtering approach based on previous sessions of users. We evaluate them
with a user study, considering characteristics such as serendipity and novelty.

2.2.2. Ranking in Flickr

Much work has been done for image ranking in the state of the art. Par-
ticularly, in Flickr, the majority of the cases focus on the images with the
highest number of favorites. A “favorite” is a strong ground truth of positive
user preference: it is the most explicit action that users can make to show
their interest for a specific item. The favorite in Flickr, have been widely
studied and used in research. Pedro et al. [84] used the number of favorites
as relevance values for building and testing machine learning models. There
are also studies that aim to detect favorite photos in Flickr or to predict the
photos that a user is likely to favorite based on social, visual, and textual
information [109]. Other papers investigate explicit and implicit features
that lead to similar results of the favorites. For instance, Prieur et al. [85]
find a very high correlation between the number of favorites and the number
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of comments and views. Nevertheless, the reasons to select a picture as a
favorite can be many1, and they do not depend always on the user’s inter-
est. We show that using explicit features as favorites in an environment as
Flickr, often leads to specific types of results since these actions are biased
by the social network itself (see Section 9.3).

The quality evaluation of any ranking of multimedia objects is not a trivial,
task due to the many quality dimensions at play. The attractiveness [44]
and aesthetics [49, 57] of images retrieved, always play an important role
in user’s satisfaction. Lerman et al. [65] for example, propose an automatic
method to assign photo attractiveness values to photos, by using textual
and visual features. But in a specific environment such as an image-sharing
social network, the relevance of the results may depend strongly on the social
interactions. As many previous studies suggest [64, 22], social browsing and
contact relationships are very important to model the interestingness of a
resource in a socially connected environment.

In this thesis we exploit the BrowseGraph to compute an alternative ranking
of images, based on the navigation patterns of the users. We used a modi-
fied version of the BrowseRank adapted to the Flickr browsing graph. Our
BrowseGraph-based ranking returns images that are widely visited (due to
the browsing patterns), interesting (due to the BrowseRank that keeps into
account the time spent) and with a strong visibility also outside Flickr (due
to the use of the referrer URLs). In short, although the literature in rank-
ing is vast, we are not aware of work that specifically examines the ranking
mechanisms we analyze in this thesis (see Chapter 9), and study those in
relation to the image ranking task. We evaluate the ranking approaches
on difference prospectives, such as the internal (within Flickr) and external
impact of the images, the reachability of the photos through search engines,
the PageRank scores assigned directly by Google, and so on. Our aim is to
highlight the different characteristics of the algorithms that we compare.

2.2.3. Photo(streams) Recommendation

The research in the field of recommender systems has been extensively stud-
ied in the last years [1, 89, 50]. A main classification divides recommender
systems into content-based and collaborative filtering [1, 89]. In our exper-
iment, in Chapter 6, we use both approaches to recommend photostreams
(set of images) in Flickr. However, in general, both methods present several

1http://www.flickr.com/photos/pagedooley/6246688704/

http://www.flickr.com/photos/pagedooley/6246688704/
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limitations. Content-based systems do not consider the opinion of the users,
whereas collaborative methods require a critical mass of user traces to pro-
vide meaningful recommendations. Mobasher et al. [79] proposed a system
based on aggregate usage profiles consisting of clustered user transactions.
A natural difference with our experiment is that we consider photostreams
as explicit content and structured units. Furthermore, Herlocker et al. [50])
list the recommendation of item sequences as one of the possible goals for a
recommender system. Nevertheless, this has not attracted much attention
of researchers [20]. In this thesis, we recommend sequences of photos be-
longing to recommended photostreams in a two-level recommender system.
The state of the art has never considered the photostreams as atomic unit
of content. In our work, we consider photostreams as items, and we exploit
previous user navigational patterns (among photostreams) to recommend
these atomic units to new user based on her current navigation.

2.3. Cold-Start Recommendation

Cold-start problem recommendation refers either to new items or to new
users. In this thesis we focus on the latter case, using the browsing graph
(i.e., BrowseGraph) with a particular focus on the referrer URL (i.e., Refer-
rerGraphs), to personalize the content shown to these users. In literature,
some standard solutions require an initial, even though small, set of pref-
erences about the newcomer [95, 91, 2]. This situation is also known as
warm-start scenario. The user profile, can be populated by asking to the
users to rate a set of items first, or importing their preferences from external
systems [86]. When a minimal user profile is available, a common approach
is to apply association rules in order to expand the user profile. Sobhanam
et al. [95] used clustering algorithms to find the most similar known items
and then they extended the profile of the users with item related to their
tastes. Shaw et al. [91] used also non-redundant rule sets showing how they
can improve the results. Yang et al. [123] presented a Bayesian-inference
based recommendation system, that exploit the social network structure of
the user in order to perform personalized recommendation.

News Recommendation

Despite the progress of recommender systems in general, news recommenda-
tion is still a very active area2. The majority of news recommender systems

2http://recsys.acm.org/recsys13/nrs/

http://recsys.acm.org/recsys13/nrs/
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are based on user information collected over time [71, 36, 67, 68], relying on
logged-in users only and combining collaborative filtering and content-based
approaches. However, when reading news website, the user is most often
not logged-in, making impossible (or at least very difficult) the creation of
a reliable user profile. There are approaches based on models of similarity
among news articles [76, 67, 90], that consider different key factors such
as textual similarity, recency, coherence, novelty and popularity. Tsagkias
and Blanco [102] proposed a language intent model that extract a query
from the user browsing session. In this way they model the user interest
using the queries of the users. There are also approaches looking for the
most authoritative news sources as a proxy for quality [39, 98]. To perform
an efficient news recommender, the user taste has to be considered as they
might change over time. Indeed, studying the users browsing patterns, Liu
et al. [71] shown that more recent clicks have a considerably higher value
to predict future actions that the historical browsing record. Through their
experiments, they conclude that the best results are obtained by combining
user’s genuine news interests with the current news trend in her location, to
generate personalized news recommendations.

In Chapter 7, we perform news recommendation facing the cold-start prob-
lem of newcomers. In our experiment, we consider only the news article the
user is currently visiting, and the referrer URL of her session. We are not
aware about any other work that exploits the referrer URL directly as main
information for a recommender system. Most of previous research relies on
the user historical profiles. Our work is different also because it is based on
the BrowseGraph, and on the previous collected users’ behavior, grouped by
the external domain from where they come from (i.e., ReferrerGraphs).





Chapter 3

Preliminaries

3.1. Methodology

This section explains the generic approaches used in the experiments de-
scribed in this thesis. The main goal is to extract meaningful information
from users’ browsing patterns in order to gain insights about their prefer-
ences. We are considering a particular type of users known as newcomers, i.e.
users completely unknown to the system, so there is no information about
what they are looking for and what they would like to consume. However,
once newcomers enter the website, they leave implicit information that we
can analyze in order to understand their preferences.

We collect all the users’ navigation patterns, i.e. the sequences of web
pages visited, and we build a weighted graph based on these sequences.
In this graph the nodes represent the web pages, the edges represent
the transitions and the weights are based on the number of times the
transitions have been done. This graph is called a BrowseGraph [72].

One information that has never been studied much in the literature is
the external referrer URL, i.e. the last page visited by the user before
visiting the current website. For example, when a user clicks on a
link of a Flickr photo on Facebook, he gets redirected into the Flickr
website. In this case, from the Flickr logs, it is possible to see the
navigation pattern of the user knowing that he comes from Facebook.
Simplifying, we group the external referrer URLs into their domains
(e.g., www.facebook.com/xyz into Facebook), and for each of the most
frequent domains (e.g., Facebook, Google, Twitter, Yahoo) we add a
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node to the graph. In this way, the final BrowseGraph contains also the
most common entry points, that we call external nodes because they
do not belong to the Flickr network. These nodes could be decisive to
infer the importance of Flickr pages that have been linked on external
web pages. Moreover, users coming from the same external node (e.g.,
Twitter), might be more interested to a certain type of content with
respect to users coming from other entry points (e.g., Facebook).

In order to exploit directly these external nodes, we build different
graphs based on the most frequent external referrer domains and we
call them ReferrerGraphs (we are not aware about any previous work
that built or used similar type of graphs). These graphs contain the be-
havior of the users coming from different domains, and they contribute
to predict what type of content the users are going to consume.

Once we have these graphs, we can apply centrality based algorithms
that infer importance of the different web pages, and since we included
in the graph also the external nodes, these will be taken into account
in the computation. We slightly modified the well know PageRank
and an extended version called BrowseRank [72]. Once we have the
ranking of the nodes, we can promote the most interesting content
(i.e., web pages) to the users depending on which external domain,
i.e. ReferrerGraph, they are coming from.

The methodology presented in this thesis has many advantages. First, the
required datasets (i.e., web logs) are available to each service provider. Sec-
ond, the methodology can be adapted to any domain and context. Our
experiments are made on a photo-sharing website and on a news portal.
Finally, it shows a different solution to personalize interesting content to
newcomers, dealing with one of the most challenging problems of personal-
ization and recommendation.

In the next sections, we describe the datasets and the approaches used in
the experiments of this thesis.

3.2. Data Types and Processing

This section introduces the data sources commonly used in this thesis. The
main datasets are based on the user browsing logs of Flickr and Yahoo News.
In addition, this section explains the process to extract the sessions and to
construct the BrowseGraph, widely used in the rest of the thesis.
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3.2.1. Browsing Log Data

For the purpose of this thesis we consider user-anonymized log data. The
data is comprised of a large number of pageviews, which are represented as
plain text files that contain a line for each HTTP request satisfied by the
web server. For each pageview in the dataset, we gathered the following
fields:

〈BCookie, T ime,ReferrerURL,CurrentURL,UserAgent〉 ,

The BCookie is an anonymized identifier computed from the browser cookie.
This information allowed us to re-construct the navigation session of the
different users. For the purpose of this study, in general we ignore any
other user related information such as IP address or demographic data.
CurrentURL and ReferrerURL represent, respectively, the current page the
user is visiting and the page the user visited before arriving at the destination
page. Note that the ReferrerURL could belong to any domain, e.g., it may be
external to the Yahoo News website. The User-Agent identifies the browser
in use, and Timestamp indicates when the page was visited. All the data
is anonymized and aggregated prior to building the browsing graphs. We
removed traffic derived from web crawlers using the information contained in
the User-Agent field. Essentially, we preserve only the entries that contain
a well-known browser identifier (e.g., Explorer, Chrome, Firefox, Safari and
Opera).

3.2.2. User Sessions and BrowseGraph

The structure of a website is typically represented as a graph where nodes
are pages and edges are the hyperlinks connecting them. In this model
all the links have the same weight, disregarding how many times users go
through them. The BrowseGraph [72, 73] is an alternative representation
that captures the importance of the user navigation patterns by considering
the actual transitions from one page to another, rather than hyperlinks.
The BrowseGraph is a graph whose nodes are web pages and whose edges
are the browsing transitions made by users. We build a weighted graph,
where the weight of an edge represents the number of times users made that
transition. To build it, we extract the transitions of users from page to page,
and in order to preserve the user behavior (that could vary over time), we
group pageviews into sessions. A session consists of a sequence of pageviews
made by the same user in a continuous segment of time. To break the
sequence of page visits into sessions we account for the time between them, as
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transitions far apart in time will likely not follow any logical browsing session
relation. In other words, we need to identify when the user interrupts her
navigation since when her navigation is restarted, the intentional behavior
will be different. We split the activity of a single user, taking the BCookie
as an identifier, into different sessions when either of these two conditions
holds:

Timeout: the inactivity between two pageviews is longer than 25
minutes. This is a standard value used in research [24] as well in
production systems.1

External URL: whether two pageviews are visited by the user from
different referrer URLs, the current session ends even if previous visits
are within the 25 minute threshold. The assumption is that, if the
user enters the website from different external referrer URLs (e.g.,
first from Facebook then from Twitter), the user’s interest might be
different.

3.3. Data Sources

As we mentioned, the experiments performed to validate this thesis used dif-
ferent datasets, mainly Flickr and Yahoo News. In this section the common
data sources are described, whereas any other specific dataset is discussed
later in the corresponding section. In addition, common pre- and post-
processing steps on the data sources are explained, such as filtering, session
building and URL categorization.

3.3.1. Flickr Browsing Data

The Flickr implicit log data is used in Chapters 4, 6 and 9. For the purpose
of this study, we took a sample of the pageviews (see Section 3.2.1 for details)
of more than 10 million anonymous users from approximately two months of
Flickr user log data, from August to October 2011. All of the data processing
was anonymous and aggregated. Flickr allows users to set specific pages to
“private”, hence our analysis considers only public pages.

1https://support.google.com/analytics/answer/2731565

https://support.google.com/analytics/answer/2731565


3.3. data sources 25

Pageview Filtering and Data Selection

In order to obtain a coherent dataset in terms of both timezone and activity,
we focused on users who were located in the USA by extracting the location
of the IP address from the source of the HTTP request and filtering out
non-USA locations. In spite of this filtering, and the ones described in
Section 3.2.1, there are cases in which the User-Agent field indicates that
a legitimate browser was used, but the corresponding “users” have a very
large number of pageviews. The frequency, however, suggests that such
server requests could not have been made by humans, but instead were done
automatically for malicious crawling. We therefore apply an additional filter
by which we set a maximum threshold on the total number of pageviews per
user. The threshold is set to remove a small percentage of the users (1% of
the total amount). After applying the filtering steps described above, our
sample contains approximately 309 million pageviews.

Source URL Taxonomy

In order to analyze the referrer URLs (i.e., the websites users arrive to Flickr
pages from), we built a taxonomy for external URLs (i.e., whose domains are
different from www.flickr.com). The first attempt of categorizing URLs was
based on the Open Directory Project2 and the Yahoo Directory.3 However,
by manually inspecting the results, we realized that the classification was
too detailed and did not capture the aspects we are interested in. In fact,
URL categorization usually works by topic (e.g., travel, economy, food, etc.)
whereas in our study we are interested on a categorization by type (e.g., blog,
social networking site, search, etc.).

We therefore opted to annotate them manually (e.g., search.google.com
as search, etc.) and focused on defining 17 categories that we considered
important. We created a set of regular expressions in order to identify about
210 different external URL domains. Table 3.1 shows the most frequent
source categories, clearly showing that the distribution is quite skewed.

Building the Flickr BrowseGraph

The basic idea in our approach is that the navigation patterns within a
social media platform have a strong impact on the importance of content.
Therefore, we build a BrowseGraph as explained in Section 3.2.2, based on

2Netscape (AOL), “Open directory”, http://www.dmoz.org/, June 1998.
3Yahoo, “Yahoo! directory”, http://dir.yahoo.com/, March 1995.

www.flickr.com
search.google.com
http://www. dmoz.org/
http://dir.yahoo. com/
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Category Examples of Content %

search search.yahoo.com, google.com, etc. 34.87

social facebook.com, tumblr.com, etc. 26.95

mail mail.yahoo.com, gmail.com, etc. 13.22

aggregator reddit.com, stumbleupon.com, etc. 7.76

blog blogspot.com, blogger.com, etc. 6.65

photo flickrhivemind.net, compfight.com, etc. 2.32

microblog twitter.com, etc. 2.26

forum discussions, forums 2.00

news news.yahoo.com, cnn.com, etc. 1.67

shop ebay.com, etc. 0.85

Table 3.1: Top ten most frequent source categories in the dataset. For the
entire list see Table A.1 in Appendix A.1.

our Flickr data but considering as nodes only certain types of web pages.
We create one node of the graph for each pageview that refers to one of
three entities in Flickr, namely users, groups, and photos. Figure 3.1 shows
examples of pages that are mapped to each entity, noting that all pageviews
that show the same entity are condensed into a single node in the Browse-
Graph. In other words, a single node represents several types of pages. For
instance, since various URLs show the same image, all of those are mapped
to a single node (fullscreen, slideshow, etc.).

The motivation behind this representation is that we are interested in rank-
ing the photographs and those photographs may appear in multiple places
(e.g., the photo appears prominently in the photo page, in the slide show,
and in the photo favorites layouts of Figure 3.1), but since we are not inter-
ested in ranking each of the individual pages, we group them into a single
node. Flickr contains other page categories (e.g., personal settings, photo
upload pages, mailbox) which we do not consider, so we refer to them as
non-entities and we do not create any nodes for them. The main reason to
do so is that we are interested in the navigation between entities in Flickr.
Therefore we need to discard some categories of traffic: navigational (e.g.,
searching for photos), configurational (e.g., changing settings, profile infor-
mation) or messaging.
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User albums User information User tags

Group photos Group map Group discussion

Photo page Photo slideshow Photo favorites

Figure 3.1: An example of pageviews that correspond to the entities of the
Flickr BrowseGraph. Each row corresponds to an entity from top to bottom:
user, group and photo.

User profile Photo AUser albums Photo B Search Group photos

User Photo A Photo B Group
1.0 1.0 0.5

Figure 3.2: An example session is illustrated at the top, and the correspond-
ing derived BrowseGraph is shown at the bottom. Gray arrows display the
mapping between pageviews and BrowseGraph nodes.

To build the BrowseGraph, we create the subgraph of each session and we
then merge all subgraphs. Given a session s = (p1, p2, ..., pN ) where pn is a
pageview, we map each entity pageview pn to the vertex of the BrowseGraph
and we connect them in the order that they appear in the session. We then
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weight the arcs according to the number of non-entity pageviews between
the source and the target. Intuitively, we would like to give the highest
weight (namely 1) to the arcs that connect entities that appear in consecutive
pageviews and a lower weight to pageviews that are more distant, to better
express their actual proximity in the browsing activity. For example, in
Figure 3.2, “Photo A” and “Photo B” are closer in the session than “Photo
B” and “Group”. We do so by assigning the weight wij = 1

NE(i,j)+1 where
NE(i, j) is the number of non-entity pageviews between i and j. We then
compute the BrowseGraph by summing up all arcs with the same source
and target.

A fragment of BrowseGraph is shown in Figure 3.2. The top row shows
pageviews in a session, and the bottom part shows the resulting Browse-
Graph. A vertex is created for each entity present in the session and gray
arrows represent the mapping between pageviews and vertices. We can ob-
serve that the Search pageview, that displays the results of a query of the
user and therefore does not refer to an entity, is not mapped to any Browse-
Graph vertex but influences the weight of the corresponding edge of the
BrowseGraph.

Modeling accesses from the Web (i.e., domains different from Flickr) is im-
portant to detect the most frequently accessed entities from external sources.
We therefore include as nodes in the graph, also the external referrer URLs,
belonging to the sessions that we consider, from where the users enter in
Flickr. However, since we are interested in understanding global navigation
patterns, the full URL is too specific. For this reason we group external
URLs in 17 categories as it is described in Section 3.3.1, and some of them
are shown in Table 3.1. These categories cover around 99% of the total
number of external URLs. For each category, we add a node to the Browse-
Graph and we connect it to the nodes that correspond to the first entity of
a session coming from the category.

3.3.2. Yahoo News Browsing Data

The Yahoo News Log Data is used in Chapters 5 and 7. For the purpose
of this study, we took a sample of Yahoo News network’s4 user-anonymized
log data collected in 2013. The data is comprised by a large number of
pageviews, that after applying the filtering steps described in Section 3.2.1,
contains approximately 3.8M unique pageviews and 1.88B user transitions.

4We considered a number of different sub-domains like Yahoo News, Finance, Sports,
Movies, Travel, Celebrity, etc.
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Session Identification and Characteristics

In our dataset we are able to associate to each pageview additional infor-
mation, like time spent by each user visiting that page, and a category label
that uniquely identifies which category the page belongs to. The latter one,
allows us to understand the type of content of the web page; some results
are displayed in Table 7.3, that shows which are the most visited categories
broken down per referrer URL.

ReferrerGraph: Sub-Graphs Based on Session Referrer domain

We aim to compare the behavior of different users that access the Yahoo
News network from different referrer domains. We first consider users access-
ing the news.yahoo.com portal directly from the homepage. We further con-
sider a number of domains that fall outside of the Yahoo News network. In
particular we tracked the following referrer domains: search engines (Bing,
Google, Yahoo), and social networks (Facebook, Reddit, Twitter). For each
referrer domain we extract a subgraph of the overall BrowseGraph by con-
sidering only the browsing sessions whose initial referrer URL matches that
domain. For example, if a user clicks on a link referring to our network that
has been posted on Twitter, her referrer URL will be the Twitter page where
she found the link. Next, we consider all the following pageviews belonging
to the same session of the user as being a part of the twitter-subgraph, given
that all of them have been reached through Twitter.

We applied the same procedure for all the referrer domains that we defined
above, and finally we obtained a weighted graph for each different external
URL with the following structure:

〈Pageviewsource, Pageviewdestination, Weight〉 ,

where Weight accounts for the number of times a user has navigated from
the source page to the destination page.





Part I

Browsing Activity and
BrowseGraph
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Chapter 4
User Browsing Activity

The analysis of user browsing behavior gives us indications of the taste of
users and their engagement within the website. The way users navigate
might tell us, for example, how fast they are browsing and spending time
in each page, or whether they are sharing the content through some social
platform. Knowing which pages the users have visited means being aware
of the topics and the content that capture their interests, and estimate their
implicit preferences. However, one information that has not grabbed much
attention in the research community is the external referrer URL, namely the
URL visited by the user before entering in the current website. The external
referrer URL contains some initial information that might be very helpful in
order to characterize the user’s interests, especially for the newcomers in the
cold-start case. In this chapter, we analyze the browsing patterns of users
with respect to the external referrer URL, used as referrer URL or just as
referrer. The results of this chapter were published in [32].

33
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4.1. Introduction

Insights into how users behave within a website or domain are extremely
important in informing business decisions, in developing strategies to provide
new functionalities, and in general for devising new algorithms that directly
improve such services. For instance, information on the most visited pages
or sections can be used not just to create better user models, but also to
improve the design of such pages and the overall “flow” of the website (e.g.,
by highlighting certain sections on particular page layouts), or simply on
particular layouts).

Flickr has become a rich resource for research in multimedia, mainly due to
its clear copyright policies and APIs, which have facilitated the gathering
and analysis of Flickr data. A lot is known about the data that resides in
Flickr. But how do people actually use Flickr? And in particular, which
social navigation patterns do they follow?

As the functionality of the Web has become more complex, the sharing of
the content such as Flickr photos is done in multiple ways, for example,
by posting to social networks such as Facebook, to information networks
such as Twitter, or to (personal) blogs. As a consequence, it has become
increasingly more difficult to understand the dynamics of how users browse
and look at photos once they arrive at Flickr from other sources.

This chapter aims to address several questions, including but not limited to:
(i) whether photo social navigation patterns differ depending on the referrer,
and if there are differences, what kinds of differences there are, (ii) whether
similar types of websites, such as “search”, lead to similar behavior, (iii)
what are the types of pages, within Flickr, that are more popular depending
on the referrer, and (iv) whether user behavior, in terms of time spent, varies
depending on the referrer.

The results of the experiments in this chapter, show the ability to character-
ize the type of session that the user is doing based on the referrer domain.
These outcomes will be used later as the basis for developing applications
such as recommendation and ranking.

4.2. Dataset and Session Analysis

We analyze the Flickr user logs applying the pageview filtering described in
Chapter 3 (Section 3.3.1), obtaining approximately 309 million pageviews.
Moreover, since the purpose of this study is to understand if there is a
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relation between the type of page the user is interested to visit and the
referrer URL, we define a categorization of the Flickr web pages called page
layouts, or simply layouts. Accordingly, we also classify the referrer URLs
using the taxonomy described in Section 3.3.1.

4.2.1. Pageview Layouts

In most websites, multiple URLs can map to exactly the same page “layout”.
For example, on Flickr, the URL of a page that shows a single image contains
a unique ID for the image,1 thus two URLs for two different images are
different2 even though the page layout is the same. Since our interest is in
modeling navigation patterns in Flickr, we must map all URLs that refer
to the same layout, to a single page layout (e.g., “single image page”3). For
this purpose, we define the page layout : a hierarchical taxonomy of URLs.
We manually created a set of regular expressions to classify the URLs to
obtain a total of 96 different page layouts. Example of layouts include the
following: display all user photos, search photos, browse group photos, add
contacts, accept invitation to join Flickr, etc. The entire list of page layouts
see Table A.2 in Appendix A.2.

4.2.2. Session Characteristics

The sessions are identified and processed as described in Section 3.2.2. Ta-
ble 4.1 shows some statistics computed over aggregate sessions in our sample
dataset. The last two rows show the number of different types of page layouts
present in the sessions. The values suggest that a large number of sessions
tend to consist of only a few page layouts. It is important to note, however,
that a more “complex” use of Flickr is not uncommon, and represented by
sessions in which a maximum of 39 different page types are visited.

4.2.3. Analysis of Types of Pages Visited

Table 4.2 shows the ten most visited page layouts in the dataset. We can see
that there are a few page layouts that are visited most frequently: although
we defined a total of 96 page layouts, users tend to navigate through a
small subset of them, namely to explore photos of users and groups. This
is compatible with the results of Table 4.1 that shows that users usually
browse in just a few layouts during one session.

1PhotoId 14043395432: https://www.flickr.com/photos/xarabas/14043395432/
2PhotoId 7756641062: https://www.flickr.com/photos/katia_romanova/7756641062/
3URL for a page layout: https://www.flickr.com/photos/<username>/<photoId>/

https://www.flickr.com/photos/xarabas/14043395432/
https://www.flickr.com/photos/katia_romanova/7756641062/


36 user browsing activity

Total number of sessions 40,446,676

Total number of users 10,912,431

Avg. number of distinct page layouts 1.83

Max. number of distinct page layouts 39

Table 4.1: Basic statistics about the sessions in the dataset.

Page Layout Description %

Display all user photos Displays the photos of a user on a grid 26.71

Browse user photos Displays full-page photo of a user and al-
lows browsing to the next and previous
photos

20.67

Browse user album Displays full-page photo of an album of a
user and allows browsing to the next and
previous photos

14.12

Display single photo Displays full-size photo 7.22

Homepage Home page of Flickr 5.60

View user albums Lists the album of a user 4.59

Browse group photos Displays full-page photo of a group and
allows browsing to the next and previous
photos

2.63

Search photos Photo search in Flickr 2.38

Browse user fav. Displays full-page photo of the favorite
photos of a user and allows browsing to
the next and previous photos

2.09

Group photos Displays the photos of a group on a grid 1.79

Table 4.2: Top ten most frequent page layouts in the dataset. For the entire
list of page layouts see Table A.2 in Appendix A.2.

4.2.4. Referrer Categories Analysis

One of our main assumptions is that there is a relationship between the
referrer URL and the type of navigation behavior of the user.
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Figure 4.1: Distribution of the 14 categories for the external referrer URLs.

Recall table 3.1 in the previous chapter, where we showed the most fre-
quent referrer categories from which the user arrives to Flickr pages. The
histogram in Figure 4.1 shows the distribution of these categories. The two
most common referrer categories are search and social. The presence of
search is reasonable due to the contribution of image search and naviga-
tional queries. While most photo websites retain proprietary rights on the
retrieved results, or do not have clear photo licensing policies, we can assume
that Flickr is one of the main referrers of Creative Commons-licensed ma-
terial4. Social network websites, such as Facebook, constitute very popular
access points to Flickr since users are highly interested in photos shared by
friends. We did not expected mail to have high importance, as usually the
attachments are sent within the message itself and not as external links. As
we will see in Section 4.3, many sessions derive from invitations of friends
to join Flickr. The fact that many sessions come from the news domain is

4Flickr is well-known for the big amount of Creative Commons photos: http://www.
blueglass.co.uk/blog/30-free-image-websites-creative-commons-royalty-free/

http://www.blueglass.co.uk/blog/30-free-image-websites-creative-commons-royalty-free/
http://www.blueglass.co.uk/blog/30-free-image-websites-creative-commons-royalty-free/
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indicative that the image is often considered as appealing, or significant, as
the actual text of the article.

This raw analysis gives us the first insights into how the initial context
may affect navigation patterns. However, this is confirmed by observing
the cumulative distribution of session lengths depicted in Figure 4.2. In
the figure, we represent only the 9 most frequent categories, the whole list
is shown in the Appendix in Table A.1. The categories have a different
behavior from one another. The lines that reach value 1 sooner correspond
to the situation in which the user spends less time on Flickr on average. On
the contrary, the ones that grow slowly show users with longer sessions on
average. Based on this analysis, we see that the shortest sessions originate
from aggregators. One example is www.reddit.com, in which the links to
Flickr appear inside news posts. It may appear strange that the sessions
deriving from news are among the most lasting. An explanation for this
might be that the visual material in news sites (such as Yahoo News), is
curated by professional editors and photographers, and often consists not
only of a single photo, but rather of a collection of photos related to a
particular event. For example, an article about the earthquake in Japan is
linked to a group or a set of photos all related to that topic. The user is
therefore prone to see more than one picture.

An extreme behavior is observed in the mail category, where the users spend
the longest time interacting with Flickr. One possible explanation might be
that only the “closest” contacts send e-mail, and thus a stronger bond exists
between the sender and the receiver of the message. Moreover, one could as-
sume that users that share links via e-mail, may share entire sets or albums
which contain many photos, leading to longer and more complex interac-
tions with Flickr.

4.3. Clustering of Sessions

In this section, we describe the clustering of user browsing sessions. We
analyze the general characteristics of the obtained clusters in terms of the
page layouts that constitute the clusters, and in terms of browsing behavior
depending on the referrer domain categories.

We model each session s as a vector v = (v1, v2, ..., vP ) where each vi counts
the number of views of page layout i in session s. In order to compare the
vectors we use the cosine similarity metric, since it is not affected by the

www.reddit.com
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Figure 4.2: Cumulative distribution of the 9 most popular categories of
referrer URLs.

absolute number of pageviews but only by the relative distribution across
the page layouts. We apply the Canopy algorithm on the vectors, choosing
empirically the parameters (T1 = 60 and T2 = 40) as a starting point to
initialize the centroids. McCallum et al. [77] have shown how the Canopy
algorithm decreases the computational time while also slightly increases the
accuracy. Finally, we run the K-Means clustering to extract clusters of
sessions, and we obtain a total of 62 clusters.

4.3.1. Patterns in Session Clusters

Although our hypothesis is that user browsing patterns might differ depend-
ing on the referrer, we first examine session clusters without taking into ac-
count how users arrived at Flickr. We will then remove this constraint in
Section 4.3.2.
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Figure 4.3: Heat-map of p(layout|c) for the most frequent clusters. Darker
squares indicate a higher presence of the relative pageLayout views (row) in
the current cluster (column).

We want to extract general behavior of users browsing Flickr independently
from the referrer URL. For this purpose, we focus on clusters that are gen-
erated in the same proportion by all the referrer categories. They capture
actions that people do in Flickr that can be accounted as common use.

More specifically, we compute the entropy distribution for each cluster c
across p(c|refcat), with the following equation refcat:∑

refcat

[p(c|refcat) log2 p(c|refcat)]

We then sort the clusters in ascending order and select some of the clusters
with lowest entropy, finally picking 7 of them.. These clusters represent the
common behaviors of users, in terms of page layouts, accessing Flickr in
the same percentage for each referrer category. In order to understand the
characteristics, we draw the heat-map of p(layout | c) and the page layouts
that constitute them, in Figure 4.3.
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As the figure shows, c0, c37 and c51 contain a large number of Display all
user photos and Browse user photos page views, which indicate a typical
pattern of mainly browsing through the photos of a user (or users). Cluster
c1, on the other hand, contains more cases of users that import and add
new contacts (Add contact row in Figure 4.3). A very clear case of browsing
photo albums is cluster c42, where we can observe a large value in the Browse
user album row. A similar behavior is in cluster c59 where the sessions are
more balanced between browsing a specific album (Browse user album) and
seeing the list of albums (View user albums), maybe to explore a different
one. Group-oriented navigation is specific of c24, due to the presence of
Group page and Photos of group. In this case users switch between the main
page of the group and its photos.

Although these clusters are useful to understand how users interact with
Flickr, we would like to explore the peculiarities of the referrer categories.
We therefore manually inspected the clusters and selected some of the ones
that show interesting patterns.

4.3.2. Browsing from Different Referrer Categories

As stated earlier, many clusters illustrate a very specific browsing behavior.
We manually picked a few of them to show how well they describe some nav-
igation patterns in relation with the referrer categories (refcat). Figure 4.4a
shows the distribution of such clusters across referrer categories, whereas
Figure 4.4b shows the distribution of the same clusters across page layouts.
Due to the large amount of sessions originated from search engines, the
search referrer category appears in most of the clusters. Despite this, there
are still some clusters in which this is not the case.

Cluster c24 shows a large contribution of search and news, and the distribu-
tion of page layouts for that cluster (first column in Figure 4.4b) is biased
towards browsing of groups (Group page). This suggests that news editors
embed sets of images into the article page. Moreover, photos of the same
event are likely to be organized in the same group in Flickr. Cluster c58,
slightly more evenly spread across all referrer categories, is similar to c24
but favors browsing through the photos of a group (Photos of group) on the
home page of the group (Group page). Cluster c42 contains sessions coming
from both search and aggregators, in which users visualize the tag cloud of
photo tags used by another user. This tag cloud visualization, gives an ag-
gregated vision of the content posted. Cluster c29, mainly originated from
search, explores the list of favorite photos of a user (Browse user fav.).
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Figure 4.4: Heat-map of the most interesting clusters. Darker squares indi-
cate higher values for the presence of sessions with that category (row) in
the relative cluster (column).
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Cluster c9 is another example of a cluster that contains sessions originated
from search engines (last column in Figure 4.4a), and it is not surprising that
Figure 4.4b shows that those sessions include mainly search pages inside
Flickr. One assumption is that, in this case, users are migrating the search
task to Flickr, in order to take advantage of the image search features, as
for instance filtering photos by Creative Commons license or tags. Cluster
c33 shows mail as a principal referrer category, and it is composed of page
layouts related to social actions: a) Manage friends is the set of all pages
related to adding, editing or removing information about contacts in Flickr;
b) Add friend is the page in which the user is asked for confirmation when
adding a contact. Manual inspection of the sessions suggests that the traffic
in this cluster mainly derives from accepted invitation mails sent to mail
contacts.5 Sessions in cluster c25 are mainly originated from aggregators,
and are aimed at checking the recent activity on the Flickr website (i.e.,
recently added photos, albums, etc.). Indeed, the user to get an overview
on recent events in external websites uses aggregators, including Flickr.

The remaining clusters have been inspected, but are not listed since they do
not show interesting characteristics.

4.4. Summary and Discussion

In this chapter, we analyzed a sample from two months of Flickr user data,
specifically on user logs. We classified pages within Flickr into specific cat-
egories, and analyzed how the behavior of users in viewing such page cate-
gories changes depending on the referrer domain (i.e., the page they come
from). Our analysis shows that there are important differences among users’
social photo navigation patterns, and that the referrer domain largely affects
these.

Our analysis showed that users arrive into Flickr from a variety of referrer
domains, such as search, social, mail, and aggregators. We showed that the
overall length of the sessions varies depending on the type of source domain.
For example, users that arrive to Flickr from mail domains tend to spend
more time than those arriving from any other sources. The distribution of
visits from different types of sources, gives us interesting insights on the
web as it is today (e.g., social sites have a prominent place). Moreover, it
was possible to make some observations on the behavior in terms of session

5We do not examine mail contents, so this hypothesis cannot be verified, and is based
solely on the aggregate views of the “add friend” page.
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length, for example, we noticed that users that click on mail links may
be receiving photos from close social contacts, which might explain longer
sessions. At the same time, we found that session patterns could be easily
clustered. We found, for instance, that some sessions are very focused on
viewing photos of users, while others focus on viewing photos in groups.
Some of the common behavior can be intuitively explained, for example,
sessions that originate in mail domains have a stronger focus on managing
and adding friends.

Many similar observations can be made based on the figures presented in
this chapter. Sessions that originate from search sites, for instance, cluster
around the Flickr search functionality, suggesting that the user’s main intent
is indeed finding images of some sort. It’s important to keep in mind, how-
ever, that such observations constitute hypotheses that need to be further
examined.

In the remainder of the thesis we investigate more in depth the informa-
tion associated with the referrer URL, with the purpose of presenting some
applications that exploit its advantages.



Chapter 5
Estimating Page Importance

on the BrowseGraph

In Chapter 4 we studied the informativeness of the referrer URL regarding
the type of the navigation that the user will perform. We showed that the
referrer might be correlated with the type of session of the user. In this
chapter, we further analyze the user navigational patterns inside a website
by studying the BrowseGraph, previously described in Section 3.3.2. This
graph is built by aggregating the browsing sessions of the users: the nodes
represent the web pages, and the edges represent the browsing transitions
made by users.

Further in this thesis, we will exploit the collective browsing behaviors of
users through the BrowseGraph, in order to personalize the content of the
new users. Quantifying the importance of the nodes of this graph trans-
lates to identifying the most important content. Therefore, we perform a
set of experiments in order to verify the performance of centrality-based
algorithms, such as PageRank, on the BrowseGraph, extending the initial
experiments performed by Liu et al. [72]. These experiments are performed
on Yahoo News instead of Flickr, since we want to study the navigational
patterns of users also on a different context. The results of this chapter are
currently under review.

45
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5.1. Introduction

The ability to identify the online resources that are perceived as important
by users of a website is crucial for online service providers. Metrics to esti-
mate the importance of the page from the structure of online links between
them are widely used: algorithms that compute the centrality of the nodes
in a network, such as PageRank [81], HITS [58] and SALSA [62], have been
employed extensively in the last two decades in a vast variety of applica-
tions. Born and spread in conjunction with the growth of the Web, they
can determine a value of importance of a page from the complex network of
links that surrounds it.

More recently, centrality metrics have been applied to browsing graphs, (also
referred to as BrowseGraphs [72, 100]) where nodes are webpages and edges
represent the transitions made by the users who navigate the links between
them. Differently from the hyperlinks network, this data source provides to
the analyst a way to study directly the dynamics of the navigational pat-
terns of users who consume online content. Also, unlike hyperlinks, browsing
traces account for the variation of consumption patterns in time, for instance
in the case of online news were articles tend to become rapidly stale. Com-
parative studies have shown that centrality-based algorithms applied over
BrowseGraphs provide higher-quality rankings compared to standard hyper-
link graphs [73, 72].

Most centrality measures aim at estimating the importance of a node, us-
ing information coming from the global knowledge of the graph topology—
potentially the addition of new nodes and edges, can have a cascade effect
on the centrality values of all other nodes in the network. This fact entails
high computational and storage cost for big networks but, more critically,
there are some situations in which a global computation on the entire graph
is unfeasible, for example when the information about the entire network is
unavailable. This is an important limitation in many real-world scenarios,
where the graphs at hand are often very large (Web scale) and, most im-
portantly, their topology is not fully known. This practical issue raises the
problem of how well one can estimate the actual centrality value of a node
by knowing only a local portion of the graph. This is known as the Local
Ranking Problem (LRP) [29].

One of the questions behind LRP is whether it is possible to estimate effi-
ciently the PageRank score of a web page using only a small subgraph of the
entire Web [18]. In other words, if one starts from a small graph around a
page of interest and extends it with external nodes and arcs (i.e., those be-
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longing to the whole graph), how fast will one observe the computed scores
converging to the real values of PageRank?

We extend this line of work in the context of browsing graphs since they
are often used and exploited in this thesis. We will estimate the importance
of the web pages through centrality-based algorithms on the BrowseGraph,
and the study presented in this chapter aims to verify the reliability of
these approaches and their limitation on this different type of graph. We
shed some light on the bias that PageRank incurs, when estimating the
centrality score of nodes in a BrowseGraph, when only partial information
about the graph is available. To do so, we monitor the browsing traffic of
the news portal, and we extract different browsing subgraphs induced by
the browsing traces of users coming from different domains, such as search
engines and social networks. We consider the BrowseGraph built by the
overall browsing patterns of users as the whole graph (i.e., the Web graph
for the hyperlink case), and the subgraphs extracted from it as the local
graphs from which we aim to compute the centrality-based approaches. We
learn that some strategies, of incremental addition of external nodes to these
subgraphs, determine a fast convergence of the local PageRank to the global
one.

We build on these findings with two different prediction experiments. For
the first time we tackle the task of estimating how much the local PageRank
diverges from the global one using only structural features of the local graph,
usually available to the local service provider. Predicting the error of the
local PageRank scores, in terms of distance from the global one, provides
useful estimation to the provider about the reliability PageRank computed
locally. Moreover, since in this dissertation we exploit the referrer URL for
the purpose of ranking and recommendation, we need to face cases in which
the domain of origin could not be readily available. This might happen for
different reasons, when the users use third parties application such as clients
of Facebook, Twitter and Mail, or when they rely on URL shortening services
such as Bit.ly. As we showed in the previous chapters, the information about
the domain from which the user is coming is valuable (especially in a cold-
start case), as it gives an initial description of the user [32], and for this
reason being able to infer it from the first browsing steps is important.
Thus, we describe models that tell apart a subgraph from the others from
just observing the behavior of a random surfer that navigates their links.
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In summary, the main contributions of this chapter are the following:

We study the LRP on a large-scale BrowseGraph built from a very
popular news website, with the aim to validate the use of centrality-
based approaches on this type of graphs. This chapter contributes
to supporting the experiments on the Flickr BrowseGraph based on
PageRank-like approaches, that we describe in Chapter 9. To the
best of our knowledge we are the first to tackle this problem on the
increasingly popular BrowseGraph.

We show that an accurate estimation of the distance between the local
and global PageRank, can be obtained looking at the structural prop-
erties of the local graph, such as degree distribution or assortativity.

We tackle the problem of discovering the referrer domain of a user
session, when this information is missing or hidden. We show that
this is possible using a random surfer model, which is able to tell the
referrer domain with high accuracy, just after the very first browsing
transitions.

The remainder of the chapter is organized as follows. In Section 5.2 we de-
scribe our dataset and the extraction of the browsing graphs. In Section 5.3
we study the LRP problem on the BrowseGraph and compare the approxi-
mation accuracy of different graph expansion strategies. In Section 5.4 we
present the prediction experiments. In Section 5.5 we wrap up and highlight
possible extensions to the work.

5.2. Dataset

For the purpose of this study, we took a sample of user-anonymized log data
of the Yahoo News network,1 collected in 2013.

The data is comprised by a large number of pageviews, from which we extract
the users’ sessions as explained in Section 3.3.2. The final dataset contains
approximately 3.8M unique pageviews and 1.88B user transitions.

In order to compare the behavior of different users that access the Ya-
hoo News network from different referrer URLs, we build different Refer-
rerGraphs as explained in Section 3.3.2.

1We considered a number of different subdomains like Yahoo news, finance, sports,
movies, travel, celebrities, etc.
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Subgraphs Nodes Edges

Bing 61, 531 255, 464

Facebook 21, 060 70, 266

Google 142, 646 779, 185

Homepage 60, 287 335, 836

Reddit 2, 445 4, 868

Twitter 4, 206 7, 080

Yahoo 101, 116 404, 378

Table 5.1: Size of the extracted subgraphs.

On Table 5.1 a summary with the size of the graph, in terms of number of
nodes and edges, is shown.

5.3. Analysis

5.3.1. Subgraphs Comparison

We extracted seven subgraphs from the main Yahoo News graph with the
procedure discussed in Section 3.3.2. Since each subgraph is originated by
sessions of users starting from the same domain, our hypothesis is that they
somehow exhibit a different structure among them, and that on the contrary,
the browsing patterns generated by different types of audiences might lead
to different pieces of news pages, to emerge as the most central ones in the
browsing graph. To check that, we ran the PageRank algorithm on each of
the (weighted) subgraphs, and for every pair of subgraphs we compared the
scores obtained on their common nodes using Kendall τ correlation between
the rankings. The intersection between the node sets of the networks is
always large enough to allow us to compute the distance on the intersection
only (> 1000 nodes in the case with less overlap). Note that the intersection
considers the nodes that are in common between the subgraphs, and this
does not mean that the subgraphs have a similar structure in terms of edges
(i.e., users’ traffic, and page importance). The main idea is to compute
the local ranking of nodes on each subgraph: Kendall τ will provide a clear
measure of how much the importance of the same set of nodes varies among
different subgraphs. Therefore, if the ranking between two subgraphs differs
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Full Faceb. Google Bing Yahoo Reddit Homep. Twitter

Full 1.0000 0.1791 0.3931 0.3278 0.3548 0.0656 0.2797 0.0764
Facebook 0.1791 1.0000 0.3146 0.4111 0.3430 0.2616 0.4070 0.3026
Google 0.3931 0.3146 1.0000 0.5815 0.5860 0.1088 0.4217 0.1297
Bing 0.3278 0.4111 0.5815 1.0000 0.6624 0.1469 0.5238 0.1688
Yahoo 0.3548 0.3430 0.5860 0.6624 1.0000 0.1245 0.4632 0.1386
Reddit 0.0656 0.2616 0.1088 0.1469 0.1245 1.0000 0.1534 0.2309
Homepage 0.2797 0.4070 0.4217 0.5238 0.4632 0.1534 1.0000 0.1523
Twitter 0.0764 0.3026 0.1297 0.1688 0.1386 0.2309 0.1523 1.0000

Table 5.2: Kendall τ correlations between PageRank values (α = 0.85).

greatly (i.e., it has a very low Kendall τ), this fact can be interpreted as an
indication that they either show different content, i.e., web pages, or anyway
that their content has a very different order or importance.

Table 5.2 reports on the cross-distance among the subgraphs and also with
respect to the full graph using Kendall τ . Interestingly, most of the similarity
values tend to be very low (lower than 0.3), confirming the hypothesis that
the user’s interests are tightly related to the domain where they come from.
Some of these similarities, however, are considerably higher, remarkably the
ones between the three subgraphs that are originated from search engines
traffic, i.e., Bing, Google and Yahoo, which yield the most similar rankings
of pages (greater than 0.5).

5.3.2. “Growing Balls”

We first focus on the study of the Local Ranking Problem on browsing graphs.
An important question related to this problem is how much the PageRank
node values vary when new nodes and edges are added to the local graph.
A natural way to determine this is to expand incrementally the graph by
adding new nodes and edges in a Breadth-First Search (BFS) fashion and
comparing the PageRank computed on the expanded graph with the one on
the global graph.
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More formally, given a graph H which is a subgraph of the full graph G, we
simulate a growth sequence H0, H1 . . . Hn in the following way:

H0 ←− H;

VHk+1
←− {Γout(VH) ∪ VH}, with Vx being the set of vertices of a

graph and Γ being the vertex neighborhood function;

EHk+1
←− {(v1, v2)|v1 ∈ VHk+1

∧ v2 ∈ VHk+1
}, with Ex being the set

of edges of a graph.

Using the standard graph terminology, we refer to the various steps of this
expansion as “balls”, where the ballH0 is the initial subgraph and subsequent
balls are obtained by adding all the outgoing arcs that depart from the nodes
in the current ball and end in nodes that are not in the set of nodes of
that ball. Observe that, depending on how it is built, H0 may not be an
induced subgraph of G, butH1, · · · , Hn are always induced by the expansion
algorithm.

Using the Kendall τ correlation we measure the difference between the local
PageRank computed for each ball Hi and the global PageRank computed on
G. The main objective is to understand how much the ranking gets close to
the global one at each consecutive step, and whether the ranking values are
able to converge even if we just consider a piece of the information contained
in the whole graph.

To check the dependency of results we consider three different sets of initial
subgraphs, that we will study separately. It is important to experiment with
different types of subgraph, for example, in order to understand whether the
results are related to the type of nodes in each graph (e.g., different pages
visited) or rather to the structure of the same (e.g., by their size). We
describe them next:

ReferrerGraph (RG). The seven browsing subgraphs built by refer-
rer URL: Facebook, Twitter, Reddit, Homepage, Yahoo, Google and
Bing;

Same size ReferrerGraph (SRG). To measure how much the differ-
ent sizes of the graphs impact the observed behavior, we fix a number
of nodes and extract a portion of each subgraph in order to obtain
exactly the same size. The selection is performed with a sequence of
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BFS expansions, starting from a random node in each graph. Then,
we select a resulting subgraph for each graph so that they have a very
similar size (±9.4%): other ways of selecting subgraphs would end up
with disconnected samples, which of course would void the purpose of
this experiment. Doing so, we are able to compare the graphs on equal
grounds and at the same time control for the effect of the size (about
3K nodes and 20K edges).

Random (R). To check whether the observed behavior has to do with
the user behavior underlying the graph under examination (e.g., the
particular structure of the graph determined by the sessions of users
coming from Twitter), we take a set of seven random graphs from the
whole BrowseGraph (full) without considering the referrer, where each
of them reflects the size of each of the referrer-based subgraphs. In
this way we can explore the behavior of browsing graphs that preserve
the size of the graphs originated by specific types of users, but that are
“artificial” in the sense that destroy any connection with the behavior
connected to users coming from the same domain. To make sure that
the size is the same we start from a BFS exploration and we prune the
last level to match exactly the size we need.

The results of the “Growing Ball” experiment applied to the RG case are
shown in Figure 5.1 (top). The y-axis shows the Kendall τ correlation
between each subgraph at the step x and the full graph (BrowseGraph).
The convergence happens relatively quickly, as the correlation τ approaches
1 in the first 3 iterations. The curves related to different subgraphs are
shifted with respect to each other, apparently mainly due to their different
size, the biggest networks starting from higher τ values and converging faster
than the smaller ones. To determine the dependency on the graph size, we
repeat the same experiment for the SRG case. The results for this case
are shown in Figure 5.1 (center). Even if the curves resulted to be more
flat (confirming that the initial size has indeed a role in the convergence),
we still observe noticeable differences between the curves for the first two
expansion levels, meaning that different subgraphs are substantially different
from one another in terms of their structure: even after forcing them to
have the same size, the convergence rates observed on the different graphs
varies. At the first iteration, for instance, all the subgraphs in SRG have
Kendall τ between 0.3 and 0.5, whereas the ones in RG are between 0.4
and 0.6. Moreover in SRG the biggest networks starting from higher τ
values do not converge faster. This intuition is confirmed by repeating the
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Figure 5.1: Growing Balls experiment on: original subgraphs built based on
the referrer URL (top), seven subsubgraphs with very similar size (center),
seven subgraphs random selected from the full graph (bottom), where each
of them has the same size of one of the original.
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experiment on graphs selected with the R strategy. Results, displayed in
Figure 5.1 (bottom), show that convergence in this case is much slower
and the difference between the curves is less prominent. With the previous
experiment we show that the Growing Balls on random subgraphs behave
differently, especially when considering the number of iterations required in
order to converge.

5.3.3. Growing Balls with Selection of Nodes

Besides the selection of the initial graph, the rank convergence depends
also on the way the growing balls are built at each iteration. How does
the expansion influence convergence if only a few more representative nodes
are selected? To what extent a higher volume of selected nodes helps a
quicker convergence or adds more noise? At a first glance, one may argue
that using all the nodes means injecting all the available information, so
the convergence to the values of PageRank computed on the full graph G
should be faster. On the other hand, instead, one may observe that we are
introducing a huge number of nodes in each iteration (as the growth is at
each step larger) adding also the ones that are less important and this can
induce an incorrect PageRank for some time, until all the graph becomes
known. In order to shed light on this aspect, we introduce a variant in the
growing-balls expansion algorithm and we select only the nodes with highest
PageRank.

More formally, considering Hk as the subgraph at iteration k and VHk
its

set of nodes, we select all the external nodes in Y = {VG VHk
}, that are

connected through outgoing arcs from the nodes in VHk
. We then compute

the PageRank values on the subgraph Hk extended with the nodes Y , and
obtain a ranked list of nodes. Among all the nodes in Y we select the top
n% with largest PageRank value, and only those ones will be added to Hk

in order to build Hk+1 and advance to the next iteration.

We conducted experiments with this partial expansion at different percent-
ages of neighbors selected at each step: 5%, 10%, 30%, 50%, and 100%,
and then we computed the average Kendall τ value for each one of the per-
centages. The results for some representative cases are shown in Figure 5.2.
The partial expansions of 20% and 30% are not shown in order to improve
the clarity of the plot, since they do not add any additional information.
Remarkably, the figure highlights how expanding the graph by adding fewer
nodes, although the most representative ones, leads to PageRank values that
are closer to the global ones in the first iterations. Since we are expanding the
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Figure 5.2: Growing Balls using only the nodes with highest PageRank. The
plot shows the average values of the Kendall-τ at each step computed for
all the subgraph.

local graph with a small (highly-central) number of nodes, we could argue
that they initially help to boost the local PageRank scores. However, given
that we keep on expanding using a few nodes at each iteration, the nodes
that have not been added before exclude a large number of nodes among
which there might also be highly central ones. This might explain why in
the first iteration(s) the convergence rate is high, but on the limit the final
convergence values result in a low Kendall τ . Contrarily, in the long run,
expansions that include the highest number of nodes present convergence
values closer to 1. This is somehow expected, given that at each iteration
any subgraph H closer in size to the full graph G, will include almost every
node and arc.

Nonetheless, the main significant outcome of this experiment is that it is
possible to obtain a yet satisfactory PageRank convergence with few but
very representative nodes. Considering situations in which including addi-
tional pieces of information, in terms of node/arc insertions, implies a non-
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negligible cost; requesting just a little amount of well-selected information
allows to obtain good approximations while minimizing the costs.

5.4. Prediction

In the previous section we showed how the approximation to the global
PageRank varies with the expansion of the initial subgraph. The ranking
of the nodes converges quite fast on all the subgraphs: they differ in terms
of their content, although they are similar in terms of structure in that all
of them are built based on users’ navigational patterns. Building upon the
findings about how local and global PageRank computed on the BrowseG-
raphs relate to each other, we designed two different experiments to assess
how well a learned model could perform in predicting this relationship.

First, we simulate a user behaving as a random surfer who is navigating the
links of a specific referrer-based graph, with the task of identifying which
graph it is among all the referrer-based graphs we introduced, by observing
the smallest possible number of page transitions of the surfer. It is important
to remark that all the subgraphs are extracted from the same larger browse
graph and they could share some nodes and arcs, more in general their
structure, because all of them are built based on the users browsing sessions.
The main research question we address is if we can easily identify in which
subgraph the surfer is browsing, and how many iterations we need in order
to predict the user’s original subgraph within a certain accuracy threshold.

Second, we address the problem of predicting the Kendall τ between the
local and the global PageRank, only considering information available on
the local graph such as topological features. This is an extremely common
situation given that, in general, the information pertaining to the local graph
is the only one that is readily available, and usually of a limited size so it is
quite feasible to work with it in terms of computational cost.

5.4.1. Random Surfer

In Section 5.3 we showed how users coming from different sources behave
differently in terms of content discovery, in addition to what we showed in
Chapter 4 about the relation between the referrer and the type of session
made by the user. Being able to understand the browsing trail followed
by a particular user is a strong signal of the user’s behavior, allows for a
greater level of customization of web pages to the user’s interests, and for
tailored advertisements. However, the information of the user’s referrer URL
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Algorithm 1: RandomSurfer(k, α, steps, G)
logPr ← initialize vector with size Gk.length();
n ← total number of nodes;
xj ← choose (random) starting node ∈ Gk;
/* For each step, compute a random walk in Gk, and compare the
probability to be in all the other G */
for s← 1 to steps do

/* Pick the next node of Gk with random walk */
xk = next_node( Gk, xj );

for i← 0 to G.length() do
〈kout〉 ← get_outdegree(np);

if 〈kout〉 == 0 then
logPr[ i ] ← logPr[ i ] + log(1/n);

else
pi(x) = (1− α)/n;
Pdxj ← get_probability_distribution(Gi, xj);
Sxj ← get_successors(Gi, xj);

if xk ∈ Sxj then
pi(x)← pi(x) + α ∗ Pdxj (xk);

logPr[ i ] ← logPr[ i ] + log(pi(x));

return logPr

is not always visible and, in many cases, it is hidden or masked by services or
clients. For instance, any Twitter or mail client (i.e., third-party application)
shows an empty referrer URL in the web logs; a similar situation happens
with the widespread URL-shortening services (e.g., Bitly.com), that mask
the original web page the user comes from. Nonetheless, in all these cases, a
provider could make use of her knowledge of the user’s trail to automatically
identify the source where the user started her navigation in the local graph.
As we have shown, the referrer URL might be useful to characterize the
interest of the users, especially in the case where the users are unknown
(i.e., the user profile is not available). Thus, being able to identify the
referrer URL when it is not available, translates into an advantage for the
content provider.

Therefore, we decided to consider the following scenario: a content provider
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Figure 5.3: Random Surfer Experiment. On the y-axis: log-ratio of the
probabilities (as explained in the text). X-axis: number of browsing steps
performed by the surfer.

is observing a user surfing the pages of its web service, but she is unaware of
the user’s referrer URL. In terms of our experimental dataset, this scenario
maps into the problem of observing a browsing trace left by a random surfer,
on one of the referrer-based subgraphs, and having to identify which graph it
is. Intuitively, the larger the number of page visits (or steps) the surfer will
make, the more distinctive its trace will be, and the easier the identification
of the graph. Algorithm 1 shows the pseudo-code that describes the process
to compute the random surfer experiment.

Formally, observing the sequence of visited nodes x = (x1, x2, . . . , xs) and
computing the probability pi(x) that the surfer has gone through them,
given that it is surfing Gi, we need to deduce what is Gi, e.g., by maximum
log-likelihood. With this aim in mind, we sort the indices of the subgraphs
i1, i2, . . . so that pi1(x) ≥ pi2(x) ≥ . . . and stop as soon as the gap between
log pi1(x) and log pi2(x) is large enough.



5.4. prediction 59

In this set of experiments, we considered the seven URL-referral subgraphs
G1, . . . , G7, one at a time. For each subgraph Gi, we simulated a random
surfer moving around in Gi (i.e., calling the function RandomSurfer(i, α,
steps, G)), computing at each step (i.e., page visited) the probability of
the surfer to navigate in each subgraph G1, . . .G7: we expect that the
probability corresponding toGi will increase at each step, and will eventually
dominate all the others.

In order to estimate the number of steps required to identify correctly the
graph that the surfer is browsing, we measure the difference between log-
probabilities for the correct graph Gi, and for the graph with the largest
log-probability among the other ones. As with PageRank, we introduced a
certain damping factor (α = 0.85); this is necessary to avoid being stuck in
terminal components of the graph. Recall that α, is the balancing parameter
that determines the probability of following the random walk, instead of
teleporting [81]. The results are shown in Figure 5.3, averaged over 100
executions. The values on the y-axis represent the difference between the log-
probabilities (i.e., the logarithm of their ratio): in general, we can observe
that the very firsts steps are enough to understand correctly (and with a
huge margin) in which graph the surfer is moving. The inset of Figure 5.3
displays the first 20 steps and the relative probability to identify the correct
graph. Almost all the referrer domains are recognizable at the first step.
This translates in a strong advantage for the service provider, as it can
identify from where the users are coming from, even if they use clients or
services that masquerade it. With this information the service provider can
personalize the content of the web pages for any users with respect to the
referrer.

Interestingly, the plot reveals a different fact, namely that some surfers are
easier to single out than others; we read this as yet another confirmation
that the subgraphs have a distinguished structural difference, or (if you pre-
fer) that users have a markedly different behavior depending on where they
come from. However, our experiment shows that it is possible to identify the
referrer of the user’s session, even when this is not available in the browsing
log. This allows to use the methods and algorithms based on the Refer-
rerGraphs discussed in this thesis, also when that information is initially
missing.
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5.4.2. Prediction of Kendall Tau Correlation

We have seen that the deviation of the local PageRank, with respect to
the global one can be relevant, depending on factors such as the size of
the local graph and the different behavior of the users who browse it (see
Section 5.3.2 and particularly Figure 5.1). Recall that we compute the
distance comparing the rankings with the Kendall τ , since we are interested
in obtaining a ranking as close as possible to the one computed on the entire
graph. Although we have previously shown how to expand the view on the
local graphs with nodes residing at the border, this practice might not always
be possible in a real-world case, since service providers often can have access
only to the browsing data generated in their servers.

Previous work on local ranking on graphs raised several questions related to
this scenario, highlighting practical applications of the local rank estimation
non only for web pages but also in social networks [18]. Critically, so far it
is not clear whether there are some topological properties of the local graph
that make the local ranking problem easier or harder, and if these properties
can be exploited by local algorithms to improve the quality of the local rank-
ing. We explore this research direction, by studying a fundamental aspect
that is at the base of the open questions in this area, namely the possibility
of estimating the deviation of the local PageRank from the global one, using
the structural information of the local network. The intuition is that, some
structural properties of the graph could be good proxies for the τ correla-
tions, computed between local and global ranks. Being able to estimate the
Kendall τ distance between the subgraph available to the service provider
and the global graph, implies the ability to estimate the reliability of the
current ranking using only information of the local subgraph.

To verify this hypothesis we resort to regression analysis. Starting from the
seven subgraphs in the dataset, we build a training set using the jackknife
resampling technique, by removing nodes in bulks (1%, 5%, 10%, 20%) and
computing the τ value between the full subgraph and their reduced versions.
Then, for each instance in the training set, we compute 62 structural graph
metrics [114, 9] belonging to the following categories:

Size and connectivity. Statistics on the size and basic wiring prop-
erties, such as number of nodes and edges, graph density, reciprocity,
number of connected components, relative size of the biggest compo-
nent.
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Assortativity. The tendency of a node with a certain degree, to be
linked with nodes with similar degree. We computed different com-
binations that take into account the in/out/full degree of the target
node vs. the in/out/full degree of the nodes that are connected with
it.

Degree. Statistics (average, median, standard deviation, etc.) on the
degree distribution of nodes.

Weighted degree. Same as degree, but considering the weight on
edges, that usually referred to as node strength. As the edges are the
transitions made by users during the navigation, the weight stand for
the number of times the users have navigated the transition.

Local Pagerank. Statistics on the distribution of the PageRank val-
ues computed on the local graph.

Closeness centralization. Statistics on the distances (number of
hops), that separate a node to the others in the graph, in the spirit of
the closeness centralization [114].

We employed different regression algorithms, although we report the per-
formance using random forests [16], which performed better in this scenario
than other approaches like support vector regression [94]. We computed the
mean square error (MSE) across all examples in all sampled subgraphs. The
mean square residuals, obtained over a five-fold cross validation computed
on a random forest regression, is very low, around 2.4 · 10−6. Results, com-
puted for the full set of features and for each category separately, are given
in Table 5.3. The most predictive feature category is the weighted degree,
which yields a performance that is better (or comparable) than the model
using all the features. This might be due to the fact the model with 62
features is too complex for the amount of training data available. On the
other hand, the assortativity features seem to be the ones that have the least
predictive power on their own.

We then use the learned model to predict the τ values of the seven sub-
graphs. When we applied the predictive models learned in the subsamples
to regressing the full graphs, the MSE is less than 0.026 on average, which,
even if relatively low, is higher than the cross-validated performance in the
sub-samples. However, the model was able to rank the seven different sub-
graphs by their Kendall τ almost perfectly. When using all the features the
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Feature Class MSE

weighted degree 2.2 · 10−6

size and connectivity 2.7 · 10−6

degree 3.3 · 10−6

closeness 4.2 · 10−6

local PageRank 4.6 · 10−6

assortativity 9.0 · 10−6

ALL features 2.4 · 10−6

Table 5.3: MSE of cross validation. Average differences are statistically sig-
nificant with respect to weighted degree and ALL features, (t-test, p<0.01).

Spearman’s correlation coefficient between the true order and the predicted
one is 0.85 (high correlation), and when we used the most predictive fea-
tures (weighted degree) the correlation was as high as 0.80 (moderate high
correlation). Overall, the final rankings are just one swap away (Kendall’s
τ is over 0.70 in this case).

This kind of information can be very helpful when comparing different local
sub-domains to determine which one has pages that better estimate the
global PageRank.

5.5. Summary and Discussion

In this chapter we analyzed different aspects regarding the BrowseGraph. We
studied how a centrality-based algorithm performs on this type of graph, in
order to estimate the importance of the web pages. In particular, we tackled
the Local Ranking Problem, i.e., how to estimate the PageRank values of
nodes when a portion of the graph is not available, which arises commonly
in real use cases of random walk approaches. We investigated this problem
for the first time in a novel environment such as a large user-generated
browsing graph from Yahoo News.

We built different ReferrerGraphs and studied the different web pages (i.e.,
nodes) consumed among the various subgraphs. Interestingly, the browsing
patterns initiated from different domains exhibit remarkable differences in
terms of which pages users visited next. In practice, this observation implies
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that users’ interests could be partially modeled by knowing where the users
are coming from, therefore, opening possibilities for personalization and page
content-optimization services. In Chapter 7 we will discuss a recommender
system based on these ReferrerGraphs.

With this observation in mind we performed several experiments using a
very large network of sites, with almost two billion user transitions. We
assessed to what extent the information of the browsing patterns can be
generalized when only the information from smaller subgraphs is provided.

First, we computed the PageRank of the subgraphs on their step-by-step
BFS expansion, and we measured the correlation of, in terms of Kendall τ ,
with the PageRank computed on the full graph. To control the subgraph
size and type, and to study the impact of the expansion strategy on the
PageRank convergence, we used two flavors of BFS and three different sets
of initial subgraphs.

We found that expanding the local graph with a few nodes of the largest
value of PageRank leads to a faster (although less accurate, in the long
run) convergence. On the other hand, adding more nodes leads to a slower
convergence rate in the first steps. Therefore, in all the cases where a strong
convergence with the values of the global PageRank is not required, selecting
few specific nodes is enough to significantly improve the PageRank values of
the local nodes, without requesting and processing a huge volume of data.

We also performed a series of experiments with the aim of predicting which
referrer URL the user joined the network from, i.e., if a model can predict
reliably where the user is entering our network. In general, just after few
steps (i.e., few visited pages), it is already possible to recognize the referrer
URL correctly—the surfing behavior is very distinctive of the domain the
user is coming from. With this approach it is possible to allow early user
personalization also in all those cases where the domain from where the
user is coming from is not available, such as Facebook, Twitter clients, URL
shortening services, and so on.

Finally, we performed another experiment trying to predict the value of
the Kendall τ between the local and the global PageRank only considering
information available on the local graph. We explored six different sets of
topological and structural features of the browse graph, namely size and con-
nectivity, assortativity, degree, weighted degree, local PageRank and close-
ness. We computed those features on a training set we obtained by applying
a jackknife sampling of our subgraphs and we ran a regression model on
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the Kendall τ of the PageRank of the full subgraph and the various sam-
plings. We found that a random forest ensemble built on weighted degree
outperforms all the other features in terms of mean square error. When
applying the regression model to the task of predicting the τ value of the
global graph with the seven subgraphs at hand, we were able to reproduce
quite well the ranking of their estimated τ values with their actual ranking,
up to a Spearman’s coefficient of 0.8.

The findings observed in this chapter serve as guides for a set of recom-
mender systems proposed and discussed in Chapter 7. In that chapter we
will analyze the user behavior in the news context more in depth, and we
will propose and compare 24 flavors of recommender systems. Moreover,
the experiments related to the Local Ranking Problem support the use of
PageRank and other centrality-based algorithms that we discuss in Chap-
ter 9 for ranking of items.
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Chapter 6

Recommendation of
Photostreams

In the third part of this thesis, we investigate recommendation approaches
that are based on user browsing data. We present a collaborative filtering
recommender that exploits user navigational patterns, in order to recom-
mend the next item to the user that is currently browsing the website.
In particular, we focus our analysis and experiments on Flickr, addressing
a novel recommender problem where the items are represented by entire
photo albums instead of individual images. In photo-sharing websites and
in social networks, photographs are most often browsed as a sequence: users
who view a photo are likely to click on those that follow. The sequences
of photos, which we call photostreams, as opposed to individual images, can
therefore be considered to be very important content units in their own right.
In spite of their importance, those sequences have received little attention,
even though they are at the core of how people consume image content.

In this chapter, we focus on photostreams, first performing an analysis of
a large dataset of user logs, examining navigational patterns between pho-
tostreams. Then, we implement two stream recommendation algorithms
and we evaluate them through a user study. Our analysis yields interesting
insights into how people navigate between photostreams, while the results
of the user study provide useful feedback for evaluating the performance
and characteristics of the recommendation algorithms. The results of this
chapter were published in [31].

67
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6.1. Introduction

Social media platforms, such as Flickr provide a wide range of functionalities
and different ways to share and view content. Given the sequential nature
of browsing photographs, it is common for people to share and view images
in sequences, whether the photos are arranged in galleries, slideshows, or
in groups. Particularly in Flickr, photos uploaded by a user to his account
are placed in a “photostream”, which in essence is a sequence of photos. Al-
though there are many ways to reach individual photographs, such sequences
constitute a fundamental part of the interaction. In the rest of the chapter,
we will refer to such sequences as photostreams, or simply streams.

Navigation across sequential units of content is also present in other fields
of social media, e.g., social networks, music streaming and microblogging
platforms. In popular social networks, photos are organized in albums and
can be viewed sequentially. Songs in music streaming services can be listened
to one after another, usually as a part of an album or a playlist. Posts in
microblogging platforms are chronologically organized in independent blogs.
Therefore, methods developed for photostreams could be adapted to other
social media as well.

A key question regarding photo-sharing platforms is then, “how users nav-
igate inside and between various photostreams”. In particular, such photo-
streams may be considered not just collections of images, but rather funda-
mental units of content. On one hand, understanding how users navigate
between specific photostreams is crucial in designing interfaces and algo-
rithms that improve user experience, by providing the right content in the
right places. On the other hand, analyzing the semantic categories of such
streams can also provide important insights on general topics of interest. In
addition, investigating the transition of users between photostreams allows
us to understand how topics may be related.

In this chapter, we treat photostreams as individual units of content, and
analyze a large sample of navigation logs to gain insights into how users
navigate between different photostreams. More specifically, we examine user
navigation logs containing several million pageviews, in order to create a
photostream transition graph to analyze frequent topic transitions (e.g.,
users often view “train” followed by “firetruck” photostreams). We implement
two photostream recommender systems: a collaborative filtering approach
based on transitions between photostreams, and a content-based method
using tag-similarity of photostreams. Finally, we report the results of a user
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study involving 40 participants to explore the fundamentals for the design
of an effective recommender system in a large social media platform.

The main contributions of this chapter can be summarized as follows:

We perform a large-scale analysis of photostream browsing patterns,
providing insights into frequent transitions between different topics in
image browsing.

We propose a collaborative filtering recommender system based on his-
torical users’ browsing patterns in order to recommend photostreams,
and we compare it with a standard content-based recommender.

By means of a user study, we show that the collaborative filtering
method, based on transitions between photostreams, provides more
novel content than the tag-based recommender system.

To the best of our our knowledge, this is the first study which analyses
photostream browsing as opposed to individual photo browsing. This is also
the first time the problem of photostream recommendation is addressed, in
particular by leveraging the navigation patterns of a large number of users.

6.2. Dataset

For the purpose of this study, we took a sample of the pageviews of more than
10 million anonymous Flickr users from 2011. The details of the dataset,
the data selection and the data filtering can be found in Section 3.3.1.

Tags of Photos

Users in Flickr can create and attach tags to their photos in order to organize
them and increase they reachability in the social network. We gathered tags
of all public photos in the dataset from Flickr. We pre-process these tags
by discarding the ones that belong to a multi-lingual stop-word dictionary,
obtaining around 5 million distinct tags. We use these tags in order to
compute the similarity among the photostreams.
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6.3. Analysis

In this section we define the main concepts of our study, present statistics
on how users browse within sessions, and on how the transitions between
photostreams occur.

6.3.1. Photostream Browsing

Photos in Flickr are organized in photostreams. Each photo in Flickr belongs
to a photostream of the owner, but it can belong to other streams of photos
as well: groups, sets, galleries, favorites, etc. Apart from favorites, all of these
photostreams are either chosen or created by the owner of the photo. Users
always view and browse photos in the context of a particular photostream.

There are two main ways of viewing photostreams: a) grid view, i.e., grid
of photos from the stream (see Figure 6.1a), and b) photo-focused view i.e.,
a single zoomed-in photo with a possibility of browsing neighboring photos
(see Figure 6.1b). Although Flickr allows different variations of grid views,
they share a common feature, namely that they show several pictures from
the browsed stream at a glance. The photo-focused view is the same for
all the streams: it shows a large selected photo and, on the right side of it,
thumbnails of 4 neighboring photos from the stream are presented, which
the user can switch to by clicking on them. This way one can change the
focus from the current photo to another one from the currently browsed
stream. A list of all photostreams that the photo belongs to is shown below
the thumbnails in the form of hyperlinks, as visible in Figure 6.1b.

One can expect that users first enter the grid view of a photostream, and
then select one of the photos they like and see it in a photo-focused view.
Then, they can continue on browsing other photos from this photostream.
The grid view may be used for purposes which seem less involving to the
user, e.g., quick browsing many photos from a stream, having an overview
of a stream or seeking interesting content. Photo-focused views give the
user options of performing many different actions in reference to the photo,
e.g., he or she can comment on the photo, favorite it, download it, see it in
different sizes or in a light-box setting.

For the purpose of the study, we define a stream-browsing sequence as an
uninterrupted chronological sequence of pageviews, that contains at least one
photo-focused view and an indefinite number of grid views of one particular
photostream (schematic examples are shown in Figure 6.2). Each browsing
session can consist of a number of stream-browsing sequences.
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(a) grid view

(b) photo-focused view

Figure 6.1: Two different types of stream views in Flickr. The first one shows
a grid of small images for the photos that belong to that photostream, the
second one allows instead to slide one image at a time.

The Flickr log sample in our dataset, contains a total of 264 million pageviews,
out of which a considerable part form stream-browsing sequences. On av-
erage, each sequence consists of 8 pageviews, among which there are photo-
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Figure 6.2: Diagram of possible transitions between streams.

Figure 6.3: Distributions of number of unique streams per session (a) and
number (log-log scale) of photo-focused views per each unique stream in a
session (b).

focused views and grid views of the photostream. Distributions of both the
number of distinct streams viewed per session (Figure 6.3a), and the number
of photo-focused views per stream (Figure 6.3b), have a heavy-tail showing
high variability in user browsing patterns.

6.3.2. Transitions Between Streams

In the previous section, we showed that a large portion of all pageviews
corresponds to sequential browsing of photos inside photostreams. In this
context, an interesting question to ask is how users switch between streams.
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Figure 6.4: The number of clicks between different streams is shown.

We distinguish two types of transitions, that are shown in Figure 6.2: a) di-
rect transitions, which happen when the user is in photo-focused view of the
stream and chooses one of the listed photos inside the same stream, that
are recommended to the right of the photo as shown in Figure 6.1b, and
b) indirect transitions, in which the user leaves the photo-focused view and
enters it again in a different stream after performing a number of clicks vi-
sualizing different content and interfaces, for example, watching grid views,
searching, exploring users’ profiles, etc.

We define a transition from photostream i to j, as a sequence of non-photo-
focused pageviews from a photo-focused view inside stream i to another
photo-focused view inside stream j. This definition implies directionality.
One can estimate the number of clicks and actions performed during the
transition, by counting the number of pageviews between the photo-focused
views of the two streams and summing one. Direct transitions only require
one click, whereas indirect transitions require more than one action.

In total, we identified 3.6 million transitions between photostreams. Indirect
transitions, achieved within 2 clicks cover a large portion of all transitions,
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as shown in Figure 6.3c. However, even more transitions happen after more
than 5 clicks, so many users, before reaching another picture in a photo-
stream, pass through many non photo-focused pageviews. Moreover, direct
transitions happen much less often than indirect transitions.

Discussion of the Analysis

Users tend to see multiple photos of a photostream either in the photo-
focused view or in the grid view before leaving the stream. The vast ma-
jority of all transitions between photostreams take place over several clicks.
These results suggest that a modified photo-focused interface that facili-
tates direct transitions to other streams could be implemented. Moreover,
a system recommending other photostreams within this interface could be
an improvement.

6.4. Recommendation of Photostreams

In this section we introduce two recommender systems that suggest pho-
tostreams (and the photos belonging to them). The first is based on
collaborative-filtering, specifically, on the transitions between photostreams
from past user browsing sessions. The second is based on the content, i.e.,
the tags of the images in the photostreams. Our aim is to compare these
two approaches in terms of interestingness, relatedness and novelty of the
recommended photos. Although we use well-known recommendation tech-
niques, the novelty of our system lies in the use of photostreams as the main
content unit. The systems consist of two levels. First, we recommend pho-
tostreams; second, we center on related photos from the photostreams. In
this section, we describe the recommender systems in detail, while in the
following section we evaluate them with a user study.

6.4.1. Two-Level Recommender System

In this section, we propose two distinct recommender systems based on
anonymized traffic data and content data. As such they do not require the
user to log in, therefore, these recommender systems are suitable also for
newcomers. Note that, all the approaches presented in this thesis that are
based on user implicit actions, are suitable for cases of cold-start. Each
recommender system is built with a top-down approach in mind, meaning
that it first analyzes high-level content units (photostreams) and then low-
level content units (photos). Both the recommenders consist of two levels:
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1. Photostream selection: the system recommends a set of streams to the
user based on the streams the user has seen until that moment.

2. Centering on a photo inside a photostream: the algorithm chooses
which part of the stream (i.e., consecutive photos) will be displayed
to the user for each selected stream based on the last seen images.
Recall that there are 5 photos from the stream that are selected as
representatives, as shown in the green box in Figure 6.5a.

Due to the fact that both levels function on significantly less data (pho-
tostreams), this two-level system is computationally much less demanding
than a system working at the level of all the single photos. For example,
the first level effectively reduces the task of giving recommendations among
billions of photos, to the task of providing recommendations among just
millions of streams. Moreover, the two-level design lets us circumvent the
problem of data sparsity inherent in highly atomized social media platforms,
which commonly store billions of images.

6.4.2. Photostream Selection

Here, we describe the first level of the two photostream recommendation
algorithms. The task at this level is to rank photostreams based on the
browsing history of the current user.

Collaborative Filtering Recommender

The first recommender presents to the user those streams which were most
often co-viewed in the past sessions with the streams seen by the user in the
current session. The algorithm computes the relevance of unseen streams in
the following way:

1. Given a stream i in the current session and an unseen stream j, we
compute cij , i.e., the number of past sessions in which they appear
together.

2. Then, we consider the last Ns = 5 streams from the current session,
and for each unseen stream j we compute its relevance to the current
session: cj =

∑Ns
i=1 cij .

3. Finally, the recommender selects the streams with the highest cj value.
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It is difficult to estimate the coverage of this recommendation algorithm,
because it is dependent on our limited sample of user traffic data. However,
we point out here that over 99% of the photostreams have appeared with at
least 3 other streams in the user sessions from our dataset.

Tag-Based Recommender

The second recommender is based on similarity of photo tags belonging to
the streams. The algorithm takes as input the last stream seen by the user
and recommends those that are the most similar in terms of content.

1. We use a standard information retrieval approach, where streams are
documents and tags are words. We use Okapi BM25, as it has been
shown to perform well in similar cases [115]. We create a tag vector
for each stream.

2. We compute stream-to-stream similarity for each pair of the streams
using cosine similarity between the vectors.

3. Finally, we select the streams to recommend with the highest similar-
ity.

We take into consideration only streams that contain at least 10 different
tags, what gives us 1.8 million distinct streams. Additionally, we note that
over 90% of these streams have a non-zero similarity with at least one other
stream. This may serve as an estimate of the upper-bound of the cover-
age of this recommendation algorithm. The stream-to-stream similarity is
computed off-line in order to limit the latency of the recommender system
during the user study.

6.4.3. Centering on a Photo Inside a Photostream

Among all photostreams, some of them might contain pictures of various
topics. Because only five images are shown to the user (see Fig 6.1b), they
play an important role in order to catch the attention of the user. There-
fore, we choose which photos to show to the user for each recommended
photostream. First, we split the photostream in batches of photos, and then
we choose the ones that are the most related to the last photos seen by the
user. Note that the images inside a photostream are ordered by the upload
time and that the order is not modified in our selection approach.
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The photostreams can contain a large number of photos and cover different
themes. It has been observed [46] that users tend to load images in batches,
and that photos of the same batch tend to share similar characteristics, for
example, tags and description. Following this finding, we first split each
photostream in batches based on the photo upload date. To this end, we
apply the same method as the one that we used to retrieve sessions from
the sequences of pageviews (see Section 3.3.1). The split points will occur
when the time difference between two consecutive uploads is more than 25
minutes. The first pictures of each batch are candidates to be shown to the
user.

There are many ways to chose a batch that is the most related to the last seen
images. Unfortunately, our browsing data is too sparse for this purpose. We
therefore use the tags of the photos to choose the most appropriate batch.
We aggregate tags of all photos belonging to each batch. As input, the
recommender system uses the tags of the last Np = 5 photos seen by the
user. Finally, the batch that shares the highest number of tags with the set
of last seen photos is displayed to the user. We do not use the same approach
of the tag-based recommender (cosine similarity among the vectors), since
the system has to work in real time in order to perform the user study, and
the computation of the similarity among all the possible batches, results to
be very expensive.

6.5. Evaluation

We have introduced two recommender systems: a collaborative filtering
method using transitions between streams (CF), and a recommender sys-
tem based on tags (TB). In this section, we compare the performance of
these recommender systems focusing on the experience of the user. We test
if the recommended photos are related and interesting to users, and we com-
pare the levels of novelty and serendipity of the provided recommendations.
First, we present results of a pilot user study. Second, we present the results
of the comparison of the two recommender systems in the main user study.
The survey of the comparison is shown entirely in the Appendix B.

6.5.1. Pilot User Study

To recommend photostreams we slightly modify the original Flickr photo-
focused interface, shown in Figure 6.5a, to place more emphasis on rec-

0Sample Flickr pages from the user http://www.flickr.com/photos/bombeador.
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Figure 6.5: The two user interfaces tested in the pilot user study. (a) Origi-
nal Flickr. Hyperlinks of the photostreams which the current photo belongs
to are listed (red box), thumbnails are displayed only for the current pho-
tostream (green box). (b) Additional rows of thumbnails. Three rows of
thumbnails from other photostreams are shown (red box), centered on the
current photo (green rectangle).
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ommended streams. To this end, we show photo thumbnails from three
additional streams, as shown in Figure 6.5b. Also, to gain space for the ad-
ditional rows of thumbnails, we hide the map of the place where the photo
was taken, visible in Figure 6.5a.

The interface was tested in a pilot user study. Each user, was asked to
perform two photo-browsing sessions with each of the two user interfaces
described above. The sequence of presentation of the interfaces was ran-
domized for every user. Each photo-browsing session lasted a fixed time of
4 minutes. Users were introduced to each interface at the beginning of each
session via written instructions on the screen. After completion of both ses-
sions, the user was asked which of the two sessions they liked most. The user
study is implemented as a Google Chrome extension, which manipulates the
way Flickr pages are displayed and automatically manages all the steps of
the study.

In total, we had 33 participants: male (78%) between 26 and 40 years old
(84%). Around half of them declared that they used Flickr “a few times a
year" (52%), and only 25% use it “a few times a month”. The background of
the users was mainly formed by students and CS researcher. The great ma-
jority of the users preferred additional rows of thumbnails over the original
Flickr interface (79% against 9%, 12% no opinion).

6.5.2. Comparative User Study

We conducted the user study to test the following hypotheses:

H1) A recommender system based on transitions among streams could
propose related and interesting streams to the user.

H2) Collaborative filtering allows the user to explore more novel content
than tag-based recommendation.

In order to evaluate the recommendation algorithms, we integrated them in
the interface presented in the previous subsection. Each user was asked to
go through two photo-browsing sessions, using each of the two recommen-
dation algorithms in random order. Each of the photo-browsing sessions
lasted 6 minutes and started with a grid of 100 images randomly selected
among the top-1000 photostreams with the highest number of suggestions
in both recommender systems. Users were able to go back to the grid during
the experiment. No task was given to the users, apart from a suggestion to



80 recommendation of photostreams

browse the photos freely. Each session began with written instructions on
the screen, describing the task and ended with an evaluation form (see Ap-
pendix B for more details). Questions were in the form of a statement, and
the subjects were able to express their agreement on a 5-point Likert scale
(from “strongly disagree” to “strongly agree”). First, we asked users how re-
lated and interesting the recommended photos were. Relatedness expresses
how similar the suggested photos are to the displayed one. Interestingness is
related to user curiosity and interests. Recommended items are interesting
when they catch ones’ attention. Second, we asked users about novelty and
serendipity. Novelty is the capability of the recommender system to sug-
gest unfamiliar and non-obvious items [5]. Serendipity is a related concept,
since a serendipitous recommendation algorithm proposes items that are
novel but also surprisingly interesting. After completion of both sessions,
the participants were asked for a final direct comparison.

Results

In total 40 subjects participated in the study, male (66%) between 26 and 40
years old (89%). Around three quarters of them declared that they “never”
used Flickr or “a few times a year” (73%), and only 20% used it “a few times
a month”.

The random null hypothesis is rejected by a χ2 test (p < 5 · 10−4) for the
results of each of the questions. For each comparative result we applied
the Shapiro-Wilk normality test. Since the normality null hypothesis was
rejected for each distribution, we provide the p-value of the Wilcoxon signed-
rank test.

The majority of users agreed (answers: “strongly agree” or “agree”) that
the recommender systems suggested related pictures (61% for CF, 75% for
TB). For both recommender systems, the suggested images were found to
be interesting (75% for CF, 69% for TB). Moreover, users considered the
collaborative filtering recommender to suggest more novel content (51% for
CF, 29% for TB, p < 0.04). On average, the collaborative filtering recom-
mender was more likely to provide serendipitous encounters (55% for CF,
38% for TB). However, the two algorithms do not show a large statistically
significant difference (p < 0.11). In the comments many people reported
that they found interesting photos or photographers they liked but did not
know. Finally, 44% of the participants preferred CF over TB, 39% preferred
TB over CF and 17% did not express any opinion.
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Additionally, we analyzed logs of the user study and report on them briefly.
On average, during the study users of the collaborative filtering system tran-
sitioned between photostreams 8.9 times, while those of the tag-based system
transitioned 13.3 times. The average number of distinct photostreams seen
per session is 11.2 for CF and 11.9 for TB.

Discussion of the Results

Based on the results of the user study, we conclude that both recommender
systems provided related and interesting suggestions of photostreams and
photos, which gives evidence in support of hypothesis H1. Moreover, the
collaborative filtering recommender provided more novel content, and to a
lesser extent also more serendipitous content, which confirms hypothesis H2.
This result, has also been confirmed in a recent publication by Bellogín et
al. [10]. However, in our experiments, this did not result in a significant user
preference to either of the recommender systems.

From the log analysis we can see that, due to the fact that the tag-based
recommendations are more related and less novel, users are more willing to
browse the photos by switching between streams, instead of just browsing
consecutive photos of the same stream. However, users on average saw the
same number of distinct photostreams in the two sessions, meaning that,
in the case of the tag-based recommender system, users encounter streams
that they have already seen more often.

6.6. Summary and Discussion

In this chapter we worked with photostreams as content units for analyzing
user browsing behavior in Flickr. In particular, we presented the results
of an analysis of a large sample of Flickr navigation logs to gain insights
into how users navigate between photostreams. To analyze frequent stream
topic transitions, we created a stream transition graph from over 100 million
pageviews. We found interesting browsing patterns in how users navigate
between streams and showed that users tend to browse related streams.

Furthermore, we used these findings to design two photostream recom-
mender systems, one based on collaborative filtering (using transitions be-
tween photostreams) and one based on content (using photo tags). Both
algorithms are part of a two-level photo recommender system that first rec-
ommends photostreams, and then particular photos from the chosen photo-
streams. The recommender systems are computationally inexpensive.
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We compared the two recommender systems through a user study involving
40 participants. The majority of users found the recommended photos to
be interesting and related. Moreover, the results of the survey confirmed
that the collaborative filtering method based on transitions between streams
provides more novel recommendations than the tag-based method. The
user studies were useful in gaining insights on the functionality that can be
provided. The feedback obtained was mostly positive, making the approach
very promising.

In summary, we have shown how to recommend items (i.e., photostreams)
exploiting the current user’s navigational session. The previous users’ brows-
ing sessions are used to rank the photostreams that will be recommended
to the user. The system we described works also for newcomers, i.e., cold-
start, since it learns the interest of the user during the navigation without
the need of any user profile. In the next chapter, we will face the cold-start
case exploiting the referrer URL and the BrowseGraph, we will recommend
the next page visited by the users immediately after they have landed to the
website.



Chapter 7

News Recommendation
Based on the BrowseGraphs

Previously, in this thesis, we observed how the external referrer URL allows
us to characterize the type of user navigation (Chapter 4). In Chapter 5, we
built the BrowseGraph and different ReferrerGraphs, in order to study their
reliability with centrality-based algorithms. In the previous chapter instead,
we discussed and studied how the users browse a website with the aim of
discovering and consuming media content (i.e., photos). We implemented
a collaborative filtering recommender system, based on the previous users’
sessions that could be applied also to the cold-start problems of newcomers.

In this chapter, we focus on how users consume news articles with respect
to their browsing sessions. First, we perform a deep analysis on how users
consume news articles from a large navigation log of Yahoo News (0.5B
entries). Then, we extend the experiments on the ReferrerGraph, namely
the subgraph induced by the sessions with the same referrer domain. The
structural and temporal properties of the graphs show that browsing behav-
ior in news is highly dependent on the referrer URL of the session, in terms
of type of content consumed and time of consumption. We build on this
observation and propose a news recommender that addresses the cold-start
problem: given a user landing on a page of the site for the first time, we
aim to predict the page she will visit next. The aim is to show how the
insights given by the ReferrerGraphs, can be used to personalize the content
for new users that had never visited the website before. We test this by
using different BrowseGraph-based and ReferrerGraph-based approaches on
Yahoo News. The results of this chapter were published in [99].

83
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7.1. Introduction

In recent years the consumption of online news has increased rapidly, in
contrast with the decline of traditional newspapers.1 Between 2009 and
2012, the percentage of users visiting news portals, have raised steadily up
to the point to represent the major portion of overall web traffic.2 compa-
rable to the volume of visits to top domains like Google search.3 Due to its
importance, richness of content, and abundant user participation, the field
of online news has become a crowded arena for research in several areas.
Some examples are information and multimedia retrieval, ranking, recom-
mendation, and personalization [39, 23, 113]. Despite the vast amount of
work in the field, there are two aspects of news consumption that are still
largely unexplored. First, modern online news providers have turned into
globally connected systems that are able to attract a wider audience than
their core of regular users. News articles are very often shared on differ-
ent external websites and social media platforms, thus providing a growing
number of browsing shortcuts to news portals. To mention two examples,
modern search engines serve queries relevant to news stories by directly fea-
turing news articles from major providers, and social media is increasingly
used as daily tools for journalists and casual news readers,4 who spread and
consume news provided by external parties [23, 78, 104]. Despite such in-
creasing level of integration and mashup, news portals have been studied
mostly in isolation. An aspect that has drawn very little attention is the
user browsing behavior. Although recent literature is rich in studies about
browsing patterns in several online platforms [80, 59, 100], little has been
done with respect to the news domain. One reason for this is that the brows-
ing sessions in online news outlets have been found to be short, aimed in
most cases to quick catch ups on news [59].

In this work, we address these two aspects in combination and exploit them
in a task of news recommendation in a cold-start scenario. We study the way
users browse news content in relation to the type of online domain they were
browsing before landing on the news page, also known as referrer domain.
Our contribution begins with finding that browsing is a meaningful phe-
nomenon to study also for online news, as the browsing graphs have, in this
case, a coherent and well-formed structure. We find that the referrer partly

1http://stateofthemedia.org/2012/overview-4/key-findings/
2http://www.people-press.org/2012/09/27/section-2-online-and-digital-news-2/
3http://www.theguardian.com/news/datablog/2012/jun/22/

website-visitor-statistics-nielsen-may-2012-google
4http://bit.ly/1bQG1uL

http://stateofthemedia.org/2012/overview-4/key-findings/
http://www.people-press.org/2012/09/27/section-2-online-and-digital-news-2/
http://www.theguardian.com/news/datablog/2012/jun/22/website-visitor-statistics-nielsen-may-2012-google
http://www.theguardian.com/news/datablog/2012/jun/22/website-visitor-statistics-nielsen-may-2012-google
http://bit.ly/1bQG1uL
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Figure 7.1: An article page from Yahoo News (compacted layout). Right rail
boxes and the infinite-scroll section at the bottom allow the user to browse
to other articles.

determines the type of news consumed and the time when it is consumed.
In the wake of previous studies about the impact of the referrer domains
on user browsing behavior [32], we use the browsing graph induced by the
referrer of the browsing sessions, to predict the next article a newcomer will
visit right after she lands on a page of the site. Using a very large sample of
navigation log from Yahoo News (∼ 500M entries), we compare 24 flavors
of recommenders for next-article consumption, including popularity, item,
and browsing based models. We find that browsing based recommendations
achieve the best overall precision@1 among all the methods: up to 48%
in conditions of heavy volatility of news articles and of high data sparsity,
arising from the large amount of candidate articles to recommend.
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We summarize our main contributions as follows:

We introduce the BrowseGraph in the context of news and we de-
fine the notion of domain-dependent BrowseGraph (ReferrerGraph),
namely a graph composed by the browsing sessions of users coming
from the same referrer domain, e.g., facebook.com. (Section 7.2).

We study the BrowseGraph built from a large sample of browsing
activity from Yahoo News. We explore it with respect to time and
topic, providing insights on relations between the domain of origin,
the type of news consumed, and the temporal patterns of consumption
(Section 7.3).

We provide a method to recommend the next article to read in a cold-
start scenario, using the information from the ReferrerGraphs. Our
recommender outperforms a number of item, popularity, and browsing
based baselines (Section 7.4).

We are not aware about any other work that uses the BrowseGraph for news
recommendation. Moreover, we introduce the ReferrerGraph, and study in
detail to show how the information obtained, helps to improve the accuracy
of the recommendation.

7.2. BrowseGraph in the News Domain

To study the activity of news consumption and browsing, we analyze the
Yahoo News navigation log, while also considering the browsing activity
of users coming from different (families of) domains. In this section, we
describe the raw data we use and its preprocessing (Section 7.2.1) and how
we leverage it to generate the BrowseGraphs (Section 7.2.2).

7.2.1. News Website Navigation Log

Each article page in Yahoo News contains a nearly inexhaustible variety of
options to perform transitions to other article pages. As shown in Figure 7.1,
the typical news page contains a right rail with several boxes of recommended
news (e.g., recent articles), and an infinite-scroll list of personalized news at
the bottom. To capture the user’s browsing activity we consider the dataset
of log data, described in Chapter 3 (Section 3.3.2).
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7.2.2. Domain-Dependent BrowseGraph

We go beyond the study of the general browsing patterns, by comparing
the browsing behavior of users who land on the news website from different
domains. We aim to verify empirically the idea that users coming from dif-
ferent types of external web services are interested (or exposed) to different
types of content, and therefore behave differently.

To decompose the overall BrowseGraph G into subgraphs Gd, that account
for the sessions originated from a specific domain d as explained in Sec-
tion 3.3.2, we use only the sessions whose first referrer URL matches the
domain d. For instance, a user who accesses a news page from a tweet (i.e.,
Twitter message), will start a new session that will be part of the Twitter
ReferrerGraph. We refer to the subgraph Gd as the ReferrerGraph for the
domain d. In particular, we consider 9 source domains. Three search en-
gines: Bing, Google, and Yahoo; three social networks: Facebook, Reddit, and
Twitter ; and the homepage of the news portal, a special case of referrer URL
that represents a significant entry point for Yahoo News users. In addition,
we also consider two aggregated ReferrerGraphs created by the union of
the graphs of search engines and social networks, respectively (we call them
Search and Social), as some of the characteristics of the ReferrerGraphs of
domains belonging to the same family are quite similar (see Section 7.3).

Last, since the consumption of news items is strictly dependent on time, we
define a temporal BrowseGraph Gt as the BrowseGraph originated by the
browsing sessions occurring in one hour t. We partition the BrowseGraphs
on hourly intervals, ending up with 1, 440 temporal graphs for each domain,
for a total of 12, 960 graphs.

7.3. Analysis

In this section, we report the structural properties of the full BrowseGraph
and of the ReferrerGraphs induced by the different domains of origin (Sec-
tion 7.3.1), and a study of their evolution in time (Section 7.3.2).

7.3.1. Domain-Dependent News Consumption

We find the distribution of the number of hops per session, to be broadly
distributed (not shown) but with very low average values (Table 7.1), in
agreement with previous work that found the user interaction, with news
portals, being short and time-constrained [59]. Despite that, the Browse-
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Full Homepage Google Yahoo

1.94 3.11 1.81 1.97

Bing Facebook Twitter Reddit

1.79 1.34 1.24 1.12

Table 7.1: Average number of hops during browsing sessions with different
referrer domains.

Graph built from the full set of user sessions is connected, with a greatest
weakly connected component that spans up to 95% of all the pages, and
whose nodes are ∼5 hops away on average (statistics are summarized in
Table 7.2). This means that, although the individual browsing interactions
with the news portal are short, the collective browsing behavior weaves an
implicit network of associations between articles whose points are on av-
erage 5 hops away. The connectivity of the BrowseGraph appears to be
scale-invariant, as very similar connectivity values are found for the Refer-
rerGraphs, the most disconnected one being Twitter, with 87% of nodes in
its giant component. The average in-degree can be considerably high, due to
the large number of possible connections that an article page has with others
(as illustrated in Section 7.2), and it is by far the largest in the homepage
graph, which dominates in terms of traffic volume. Although the degree dis-
tributions vary considerably (Figure 7.2), the edge weight distributions are
closer to each other, and the vast majority of edges have very low weights.

A natural question is whether the graphs are different just in terms of struc-
tural properties, or also with respect to the type of their nodes. To measure
the overlap between graphs, we compute the Jaccard similarity between the
set of their nodes (Figure 7.3a). As one might expect, similarity is lower be-
tween the two major families: search and social. Surprisingly though, there
are conspicuous differences also within each group. For instance, Twitter
and Reddit have only ∼20% of the overall amount of their nodes being cov-
ered by both. This means that the users coming from Twitter are visiting
only a small portion of the news articles visited by users coming from Red-
dit. In other words, the users’ interest is strongly dependent by the type
of website they are coming from. We spot also significant differences in the
type of news content consumed in the different networks. To measure that,
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Graph #Nodes #Edges Density %GCC 〈kin〉 〈d〉

full 745,720 10,017,826 1.8 · 10−5 0.95 2551 5.14

homepage 257,465 3,516,661 5.3 · 10−5 0.99 1830 4.15

google 163,411 928,364 3.5 · 10−5 0.93 400 3.98

yahoo 116,403 490,239 3.6 · 10−5 0.95 229 2.91

bing 70,665 308,824 6.2 · 10−5 0.91 224 3.34

facebook 24,058 84,837 1.6 · 10−4 0.95 141 3.31

twitter 5,065 8,922 3.5 · 10−4 0.87 39 3.17

reddit 2,840 5,851 7.3 · 10−4 0.95 81 3.67

Table 7.2: Structural statistics of the ReferrerGraphs (〈d〉 indicates the
average shortest path length and GCC indicates the Giant Connected Com-
ponent).

we count the frequency of articles belonging to each of the news topics (see
Section 7.2.1), and we rank topics by their frequency in each network (Ta-
ble 7.3). The rankings show substantial differences, with celebrity-related
news being the main interest for users coming from search engines, while
blogs, sports, and entertainment are the most popular topics in Facebook,
Twitter and Reddit respectively.

The differences in terms of graph structure, their size and type of nodes,
impact directly the type of articles that are consumed the most, or that are
perceived as most interesting by the users. To gauge that, we consider two
metrics of news importance, namely the pageview count (i.e., view rank)
and the PageRank centrality, computed on the weighted graphs. We apply
each metric separately to the ReferrerGraphs, and we compute pairwise the
Kendall τ similarity between the ranks. Figure 7.3b displays the values
for PageRank. To discount for the different dimensionality, the Kendall τ
is measured only on the elements contained in the intersection of the two
sets. To account for the noise that can be potentially introduced by the
permutations on the latest positions on the rank (i.e., articles with very
similar scores in the long-tail of the popularity curve), we repeat the same
measure on the top 100 and 1000 articles, obtaining very similar results.
Rankings tend to be more similar within domain families (τ ∈ [0.50, 0.68]
for search and τ ∈ [0.20, 0.27] for social) than across families (τ ∈ [0.14, 0.4]).
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Figure 7.3: Node overlap between graphs and article ranking comparison.
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7.3.2. News Consumption in Time

Time and Domain

Time plays a central role in news content consumption as news articles
tend, by their nature, to become rapidly stale. In Figure 7.4 (left) we plot
the distribution of the relative volume of views that articles receive in time
(hours). In Figure 7.4 (right) we show the same measure but on a normalized
time axis, that starts from the article publishing time (t = 0) up to the last
visit received (t = 1). We refer to this normalized timeline as the article
lifespan. Consistently with previous work, we find that 80% of visits are
received within the first 30 hours after the article publication and before the
first 20% of the overall article lifespan.

One question, however, is whether the temporal aspect of news consump-
tion depends on the type of network the user is coming from. To investigate
this aspect, we repeat the previous measures separately on the three Re-
ferrerGraphs homepage, search, and social. For each of them, we measure
the distribution of the total volume of visits at each point of the article
normalized lifespan (Figure 7.5). A phenomenon of rapid decay emerges in
all three cases, however the curves exhibit major differences in skew. While
news consumption through the homepage tends to happen in earlier stages of
the lifespan, accesses through social networks and search engines are shifted
towards later stages. In particular, for the social domain we observe evident
peaks of accesses during late stages of the article life. Even if these peaks
account for rather a small percentage of the whole traffic (up to 2%), they
still represent a non-negligible number of accesses. Examples of news, that
largely contribute to the visit volume inside the peaks, belong to the “trivia”
type of stories that are most commonly seen on social networks.5

Time and Topic

The referrer domain is just one variable that might impact the temporal pat-
terns of content consumption for news, and the type (or topic) of the article
can also have a role on that. In Figure 7.6 we show the aggregated volume
of views in time for news articles, belonging to six different categories. The
relative positions of the accesses from homepage, social sites, and search en-
gines, change depending on the topic. The baseline consumption behavior
is given by the general type of news, for which the view volume from the
homepage is consistently higher than the volume from search engines, which

5See, for instance: http://abcn.ws/1fPc0zu, and http://abcn.ws/1iX4nHD

http://abcn.ws/1fPc0zu
http://abcn.ws/1iX4nHD
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Full Homepage Search Facebook Twitter Reddit

Celeb. Video Celeb. Entertain. Sports Blogs

Finance Celeb. Finance Celeb. Finance Politics

Video Finance Video Video Video Sports

Sports Sports Sports Finance Entertain. Technology

Politics Politics Movie Blogs Lifestyle Finance

Movie Movie Politics Sports Movie Movie

Lifestyle Lifestyle Blogs Photos Photos Video

Blogs Blogs Music Lifestyle Celeb. Lifestyle

Music Music Entertain. Movie Music Celeb.

Entertain. Entertain. Lifestyle Politics Politics Health

Table 7.3: Top categories for different subgraphs.

is in turn higher than the one from social networks. For blogs instead, the
view volume is more similar across the three macro-networks and the curves
intersect more often, with two clear phases. First, the number of visits from
social networks goes above search for a short time, likely explained by the
fact that blog posts in important news sites are usually written by bloggers,
who are heavily involved in the activity of online social networking. Last, the
accesses from homepage and search become comparable in volume. Similar
observations hold for other categories: sports, movies, and celebrities get a
higher volume of accesses in later stages of the article life. In the case of
celebrities in particular, we observe that accesses from social exceed even
the ones from the homepage, after a certain point. This may happen when
news about specific events (e.g., academy awards) cause an outburst in the
social media discourse. Last, an interesting case emerges from visual news
such as photo-galleries related to news events. In this case, the accesses
from social and search are comparable in the early life of the news, while
the volume from search and homepage are comparable in the later stages.
This delineates a scenario in which images lend themselves to spread easily
in social media.
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Figure 7.5: PDF of the number of views received in each of three Refer-
rerGraphs over the normalized lifespan of the news, from the publication
(x = 0) to the last visit (x = 1).

Rank Variation

Besides studying the attention received in time by the overall set of articles,
it is interesting to check how the attention received an article changes in
relation to others. In other words, if we rank articles by viewcount, we
can explore how the rank changes in time and across ReferrerGraphs. To
quantify that, we consider Homepage, Search, and Social ReferrerGraphs
separately, and for each of them, we compute an hourly view rank Rt for
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all the articles they contain. Then, for each set of articles published in the
hourly time slot ti, we compute the Kendall τ between their view rank at
ti, and the view ranks in subsequent hours. More formally:

τ(Rti, Rti+j), ∀j ≥ 1

Then, we shift each measurement back in time by i hours, so that all sets
of articles start from time 0, and we average all the measurements, with
resulting curves in Figure 7.7. The lower the value of τ , the farther the
ranking at time t is from the ranking at the original publication time. In all
the cases, we observe the values decrease rapidly in the first 5 hours and a
steady state occurs within the first 24 hours. This finding is consistent with
the volume of views dropping of several orders of magnitude in few hours.
The τ value after 2 days is, on average, not higher than 0.55, meaning that
the final ranking changes considerably from the initial one. Although the
trend of the three curves is analogous, they have different offsets. Arti-
cles accessed via search change their relative position less and the ranking
stabilize slightly quicker, while on the other extreme, accesses from social
networks impact more the rank based on the number of views.

7.4. Cold-start Prediction of Next View

Item recommendation is a crucial task in news sites, as they have to deal
with a rapidly changing pool of thousands of fresh articles and millions of
users, each one with a specific range of interests. In such a scenario, profil-
ing users with their explicit (e.g., comments, article saved, printed, shared)
and implicit (e.g., views, time spent) activities on-site is an effective way to
recommend new content that matches the user interest. However, personal-
ization is not possible in cases of cold-start, when a user who is a newcomer
or is not logged-in lands on the site. In this context, the information of the
BrowseGraph can help, as the activity of previous users provide a collective
trace of previous browsing patterns, that can be recommended also to the
new user. In particular, we show that the ReferrerGraphs are particularly
effective to this end. Next, we formally define the recommendation problem
(Section 7.4.1), describe a number of methods to address it (Section 7.4.2),
compare them on a large scale dataset (Section 7.4.3), and finally discuss
the results.
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Figure 7.6: Number of views in each ReferrerGraph in time, breakdown by
news topic.

7.4.1. Problem Definition

The prediction problem we address is defined as follows. A newcomer user
u ∈ U is given, who begins a new session at time t on page pstart ∈ P , with
referrer domain d ∈ D. The task consists in predicting a page pnext that u
will visit right after pstart. Note that, we restrict the problem to users whose
sessions will include at least two pageviews, i.e., an additional pageview after
pstart. We consider, for simplicity, a time line quantized in discrete 1-hour
slots, and we assume to know the information about the browsing sessions
generated by other users in the previous time slot t−1. To be able to draw a
comparison also with recommendation methods based on textual content or
item popularity, we consider an additional set of meta-data for every page
p ∈ P . Specifically:

vt−1p : cumulative number of pageviews at time t− 1;

catp: the page’s topical category;

hp: the page textual headline;

bp: the textual body of the page.
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Figure 7.7: Kendall τ calculated between the view rank at time t and the
view rank at time 0.

7.4.2. Prediction Methods

All the prediction algorithms we consider are determined by the combination
of three components we describe next.

Selection of Candidate Pages

Full neighbors set (full). After the initial visit of pstart, the target user
could transition, in principle, to any other page in P . However, we measure
that in the 95% of the cases, pnext is included among the set Γt−1G (pstart),
namely the out-neighbors of pstart in the BrowseGraph, created from the
browsing sessions occurring during the time slot t− 1. Formally:

Γt−1G (pstart) = {pi|(pstart, pi) ∈ E(Gt−1)}

This happens because, even though the cardinality of Γt−1G (pstart) can be
very big (recall the degree distribution in Figure 7.2), most of the browsing
links between pstart and its neighbors are created shortly after the news is
published. For this reason, an effective strategy would be to consider only
the set Γt−1G (pstart) as output range for the prediction. We call this selection
strategy “full” , after the full BrowseGraph we use to perform the selection.

Referrer neighbors set (ref). In Section 7.3 we observed that the type
of referrer URL determines, to a certain extent, the type of news consumed.
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One might argue that adapting the candidate page selection based on the
user domain of origin d, could potentially improve the prediction accuracy.
We could therefore restrict the output range, to the neighbors of pstart in
the domain-dependent graph Gt−1d . Using Gt−1d instead of the full graph
Gt−1, implies a drop in the chance of finding pnext in the set Γt−1G (pstart),
from 95% to a minimum of 48% for the Yahoo graph, and a maximum of
72% for Homepage. However, based on our previous analysis, the subset of
remaining pages could have a higher likelihood of being good candidates for
prediction. Similarly to the previous case, we name this selection strategy
“ref” .

Mixed neighbors set (mix). A natural extension is to combine the ref
and full approaches in cascade. By definition, Gt−1d has a subset of the
nodes in Gt. Therefore, it may happen that the node pstart is not present in
the subgraph or does not have any out-neighbor. So, we adopt the following
strategy: if pstart ∈ N(Gt−1d ) ∧ kout(pstart) > 0, then use the ref strategy,
otherwise rollback to full. In the following, we refer to this strategy as
“mix” .

In the remainder of this chapter, we call C the set of candidate nodes,
disregarding the strategy used to obtain it.

Topical Filtering

As we report in Table 7.4, the probability of transitioning from a page with
a topical category (catp) to another page with the same category, computed
over all the sessions, varies depending on the domain of origin for that
session. In the cases of Twitter and Facebook, there is a slight tendency
to stick to the same topic, whereas for the other domains two consecutive
pages in the session tend to belong to different categories. We leverage this
information to enrich the initial candidate selection strategy, keep only those
articles in C that belong to the same topic as pstart for Twitter and Facebook,
or to a different topic for the other domains.

Prediction of Next Page

All the methods, use the BrowseGraph information to select an initial set of
candidate pages C, according to one of the strategies defined above. After
that, a criterion for the selection of the predicted next page among the
ones in the set is needed. Next, we describe four algorithms, with their
shortnames in parenthesis.
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Total Facebook Twitter Reddit Google Bing Homepage

0.34 0.59 0.64 0.48 0.44 0.44 0.33

Table 7.4: Probability that a user navigates between pageviews of the same
category.

Random (rand). A simple baseline that selects at random a node in C.

Content-based (cb). A standard approach to recommend items at cold-
start is to select the most similar article to the one the user is currently
consuming, according to text-based metrics. When the body of the article is
available (35% of articles in our dataset) the similarity is computed between
the bodies, otherwise their headline (always available) is used. We compute
the cosine similarity of the vector representation, weighted with TD-IDF of
pstart with the ones of every pi ∈ C. Text is preprocessed with stopword
removal and stemming [112].

Most Popular (pop). Another typical cold-start recommendation ap-
proach is to select the most popular item. We recommend the node in C
with the highest view count, considering the views until time t− 1.

Edge-based (edge). Consider the weight on the edges that encode the
likelihood of a transition between nodes, according to the browsing traces
recorded at time t−1. Hence, we predict pnext to be the node in Γt−1G (pstart)
with highest weight on the incoming edge from pstart. Depending on the ini-
tial candidate selection strategy (Section 7.4.2), the edges considered (and
their weights) will be either the ones in the BrowseGraph (for the full se-
lection) or the ones in the ReferrerGraph (for the ref selection).

7.4.3. Experimental Results

We apply our prediction strategies to the sessions of 1, 438 hourly time slots,
for an average of 350K users per time slot. We evaluate the goodness of
the prediction by measuring its overall Precision@1: a true positive oc-
curs when the predicted page is equal to pnext, a false positive when that
condition does not hold. Additionally, since all the methods we presented
lend themselves to produce a ranking of pages (based on popularity, sim-
ilarity, etc.), we also measure their Mean Reciprocal Ranking for the top
3 news articles (MRR@3). As noticed earlier, there is always a chance
that the correct article cannot be possibly predicted because pnext might be
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not included in the set of candidates Γt−1G (pstart) (for example because the
article is published at time t and does not exists yet at time t − 1). We
adopt a conservative approach and we count also these cases as false posi-
tives. Figure 7.8 summarizes the prediction results. To have a more detailed
picture of the cases in which the different approaches work best, we report
separate evaluation results for the sessions with different referrer domains.
Twelve bars for each group represent the precision and MRR scores, for the
combinations of the three selection strategies (full, ref, mix) with the next-
node selection methods (random, cb, pop, edge). The maximum precision
achieved for the different domains, partially depends on the dimensionality
of the session volume for that domain. This is mainly because the smaller
the ΓtG(pstart) set, the higher the probability of getting a correct prediction
just by chance. The most interesting experimental findings, lie instead in
the offsets between different methods’ results within each referrer domain.

First, the random baseline achieves always the worst performance, followed
by the content, popularity and edge strategies, in order. About the low
performance of cb, our hypothesis is that the selection of next article is not
driven by patterns of content similarity. In other words, after having read an
article on a topic the user is likely not motivated to keep reading about the
same (or similar) topic right after. The pop approach works only slightly
better, as it relies on aggregate information about the amount of page visits,
but disregarding where such visits came from. The best method by far is
edge, meaning that previous transitions from pstart and pnext constitutes
the stronger signal for the prediction of future transitions. For the social
referrer domains it is able to reach up to 48% and 54% in P@1 and MRR@3.
For the search domains instead, it reaches up to 27% and 34%.

Regarding the node selection strategies, ref outperforms full in all the three
social domains (except for the ref-edge combination in Facebook). The fact
that a more specific type of recommendation works better, suggests that peo-
ple coming from social networks tend to retrace the same browsing paths
that other people from the same referrer domain have already explored, with
limited serendipitous discovery. The opposite occurs for the search domains,
where full beats ref. This may happen because query-driven systems pro-
vide a wider range of entry points to the news site than the links posted
on social networks, thus making the prediction task harder. The same hap-
pens for the homepage, where the variability of content displayed is very
wide and dynamic. However, for both families, mix is the most effective
strategy that is able to significantly boost even more the precision for social
networks, and to fill the performance gap with full for the search domain.
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Homepage, which is the domain originating the highest number of sessions
is the only one in which full has top precision. In this case, the behavior of
users is so varied, that restricting the options to a subgraph turns out to be
detrimental for the prediction quality.

Last, when the topical filtering is applied (Section 7.4.2), the precision ex-
periences a drop in performance loosing from 10.6% up to 69.5% (not shown
in plots). This happens because discarding too many nodes introduces the
high risk of ruling out very good candidates (e.g., a node connected to pstart
with a high-weight edge). In our case, as shown in Table 7.4, the probability
of transitioning to the same topic (or to a different one) is not far from 0.5
in all cases, therefore the topical information is not discriminative enough
to filter out nodes without losing the most likely next pages.

The experiments highlight how the referrer URL of a browsing session can
help to understand the user behavior, predicting the navigation pattern and
improving the next-hop recommendation in news browsing. A recommender
that uses the weights of the BrowseGraph edges, appears to be an effective
way to anticipate user needs and keep them longer on site, especially for
people coming from social media. This is particularly important, as it has
been shown [23, 78, 104] that social media platforms are playing an increas-
ingly important role on news propagation6, and they are meant to become
even more critical connections with the news world in the near future.

7.5. Summary and Discussion

We presented an analysis of the browsing traces extracted from a very large
navigation log from Yahoo News, introducing the definition of a special case
of the BrowseGraph model, namely the ReferrerGraph, that consists of a
subgraph built from the browsing sessions with homogeneous referrer URL.
We find that the browsing graphs of news sites are well-connected despite
the tendency to rapid staleness of content and to the typically short user
sessions. ReferrerGraphs built considering 9 major domains, appear to be
quite non-overlapping, to cover articles of different topics, and to lead to the
emergence of different sets of most popular articles. Traffic traces coming
from different families of referrer domains have different time consumption
patterns: for example, the sessions originating from search engines and social
networks, tend to consume content slightly after the visits coming from the
news site homepage, and with some bursty consumption peaks for social

6http://www.journalism.org/2013/10/24/the-role-of-news-on-facebook/

http://www.journalism.org/2013/10/24/the-role-of-news-on-facebook/
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networks caused by occasional spread of viral stories. Last, we build on
our analytical findings by showing that the ReferrerGraph can be used for
effective article recommendation in a cold-start scenario. As our goal is
limited to the prediction of the next page visited, more general content-
based techniques for cold-start [2, 103] are not directly comparable with our
approach, although a more extensive comparison would be valuable to gain
a broader view on the problem. At any rate, the findings highlighted in this
chapter should lead to a greater consideration of the referrer domain with
particular focus on cold-start problems.

In the remainder of this thesis, we will compare ranking approaches based
on user explicit and implicit information. We will see how the referrer URL
gives an important contribution depending on the type of rankings we want
to achieve.
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Implicit and Explicit
Information
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Chapter 8

Explicit Information in Flickr

In this chapter we analyze the most common user explicit preference in
Flickr, called “favorite”, that in general, represents a positive opinion from
a user regarding a specific photo or video. Liking or marking an item as
favorite is one of the most pervasive actions in social media. This particular
action plays an important role in platforms where a lot of content is shared.
In order to gain insights on the liking behavior in social media, and to inform
strategies for recommending items that user may like, we take a large sample
of users in Flickr, and analyze the logs of their favorite actions, considering
factors such as time period and social connection. Finally, we also perform
recommender experiments using this explicit signal.

In Chapter 9 we will compare algorithms and strategies based on implicit
information, with ranking approaches based on explicit feedback that we
discuss in this chapter.

The results of this chapter were published in [69].
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Figure 8.1: A panel in the Flickr interface that presents a set of 14 most
recent photos from the contacts of the user.

8.1. Introduction

Sharing and marking objects as favorites are fairly new phenomena in social
media, and many questions remain open on the behavior of users in relation
to liking or marking an object as a favorite. Questions include what they
favorite, when they favorite, and how they are related to the owner1 of such
object (e.g., in Flickr users can be “contacts”, “friends”, or “family”).

The problem of understanding the dynamics of such actions is of extreme
importance given the pervasiveness of sharing, and like/favorite actions, in
many social media platforms. It is important because when users express
such preferences explicitly, they are implicitly contributing to the building of
more accurate user models of themselves. Such models have applications in
a wide range of areas: they can be used to recommend content, to improve
user experience in terms of interaction design, for advertising purposes, or
for recommending other users. In addition, one of the basic functionalities of
social media platforms is providing easy access to content added by friends
and other types of connections. It is common in these platforms (e.g., Face-
book, Twitter), to rank items based on various features such as recency.
However, due to the increasing amount of shared content, and the size of
personal networks, a simple recency based ranking is insufficient. Gaining
insights into the favorite actions can contribute in designing novel ranking
and recommendation algorithms, and developing new functionalities around

1We use the term “owner” to refer to the user who uploads the photo.



8.2. related work 109

surfacing content users may like or favorite.

In this chapter we present an analysis of favorite behavior on a large Flickr
dataset. We analyze over 110 million favorite actions, focusing most of our
study on a set of 24, 000 users.2 In particular, we examine temporal factors,
user profiles derived from tags, and photo and photo-owner features, as well
as the relationship between favorite actions and different link types between
the users performing the actions and the owners of the photos. Finally,
we perform experiments using several features to gain insights into their
suitability, and to build algorithms for recommending photos to “favorite.”

We examine the following: a) whether users tend to favorite photos of
people connected to them, more than of people who are not connected;
b) whether users tend to favorite recent photos more than non-recent photos;
and c) whether the favorite activity happens in bursts. In addition, we
evaluate several features for predicting favorite actions.

8.2. Related Work

In this section we discuss related work about Flickr and, in particular, about
the “favorite” action that we analyze in depth in this chapter.

Valafar et al. [105] performed a study of favorites in Flickr and found that
10% of users are responsible for 80 − 90% of all favorites, and that the fa-
vorite action exhibits 50% overlap and 15% reciprocity between users. These
statistics are confirmed by many other studies (e.g., [27, 64, 85]). Cha et
al. [27] investigated how an image spreads through the social network, high-
lighting how propagation varies considerably with the duration of exposure
to new photos. In some cases, it takes a long time for photos to propagate
from one user to another (i.e., [26, 28]) as there is an initial phase of expo-
nential growth in the number of users that favorite a photo, followed by a
phase of slow and linear growth over the years.

Lee et al. [60] studied reciprocity in Twitter, and also in Flickr around fa-
vorites, by dividing users into three groups: those that only browse, those
that also upload photos but do not participate in social activities, and those
that participate in social activities. Van Zwol et al. [110] presented a multi-
modal machine learning based approach that combines social, visual, and
textual signals to predict favorite photos, while Lu and Li [75] exploited the

2All analysis was aggregate, anonymous, and only on public photos.
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photos previously marked as favorites by friends, in order to build a person-
alized search model to assist users in getting access to photos of interest.

Wonyong et al. [40] recommended tags for newly uploaded images, taking ad-
vantage of the tags assigned to favorite images of the user who uploaded the
image, and combining tags with visual similarity. A similar work presented
by Chen et al. [119], used favorite photos in order to extract representative
tags, under the assumption that favorite images are better annotated.

Gursel and Sen [47] proposed an online photo recommendation system based
on metadata and comments, assuming these two sources are highly related
to the user’s interests. De Choudhury et al. [38] developed a recommenda-
tion framework to connect image content with communities in online social
media. They used visual features, user generated tags, and social interaction
(i.e., comment actions) to recommend the most suitable group for a given
image.

A significant number of studies have been published using Flickr data, so we
focused only on citing those that specifically deal with favorites and that are
more relevant to this chapter. We are not aware, however, of any large-scale
favorite action analysis such as the one we present here.

8.3. Flickr Dataset

Our dataset consists of a snapshot of Flickr until May 2008, which includes
the explicit social network at the time, and all interactions on public Flickr
photos: over 110 million favorite actions made by over one million users.

Most users favorited photos only a few times (expected long tail of the distri-
bution), more than 140K users favorited at least 100 photos, and the most
active users favorited almost 100 thousand photos (head of the distribution).
Since long tail and head users are not representative for most of the favorite
actions, we discarded them from most of the experiments. As we show later,
the origin and recency of photos are very important factors. Therefore, with
some exceptions, for the rest of the chapter we consider only favorite actions
made on photos uploaded to the system, by the user’s connections within 10
hours of the favorite action recorded. In order to limit the impact of the ex-
treme cases, we constrain the set of users, for which we run the experiments,
to users that have done more than 100 and less than 2, 500 favorites. We
refer to this set as the “sample”. We end up with 24, 000 users that chose
8.6 million favorites among 1.2 billion photos.
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Links Type No. of Favorites Avg Favorites per Link

contacts 29,642,943 0.90

friends 28,125,595 0.79

family 4,577,669 0.63

any link type 59,206,180 0.83

all favorites 112,177,317 10−5 (estimated)

Table 8.1: Social links statistics. All favorites includes favorites from users
that are not linked by any of the relationship types to the user performing
the favorite action.

8.4. Data Analysis

In Flickr, each photo has an owner, and users can be linked by more than
one relationship type (contacts, friends, family, or any combination of those
three). In the rest of the chapter we will use the word connection to refer
to any of the relationship types, but when we use the word contact we refer
only to the contact relationship.

8.4.1. Photo Origin

We calculated the number of favorites with respect to link types, see Ta-
ble 8.1. The largest number of favorite photos come from contacts, both in
terms of absolute number and average number of favorites per link, while
family links have the fewest number of favorites. At the same time, nearly
half of all favorites come from linked users: users tend to favorite photos of
users that they are linked to, especially of their contacts.

8.4.2. Recency

Recency of a photo has been found to be important in image retrieval (e.g.,
see van Zwol [107]). An analysis of our entire dataset of 110 million favorite
actions shows that 20% of favorites happen within 10 hours, 30% within 24
hours, and 50% within a week from upload time.
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Figure 8.2: Cumulative distribution of the ratio of time span of favorite
actions.

8.4.3. Time Span of Favorite Actions

With time span we denote the number of days between the first and last
time a user favorites photos. We examined the following sets of users:

i. All users: the entire set of users in the initial dataset (over one million
users).

ii. Users with over 200 favorites: 80% of all favorite actions are performed
by the users in this set, that is obtained by filtering the one million users by
selecting only those that have more than 200 favorites.

iii. Sample: the set of 24K users described in Section 8.3, where we considered
only favorite actions performed within 10 hours of uploading of a favorited
photo.

Figure 8.2 shows the cumulative distribution of users who performed favorite
actions in a time span of k days. The distribution for all users is strongly
biased by the long tail of users with a small number of favorites. In group
(ii), the distribution resembles a normal distribution with high variance,
where 80% of users have a time span of over 200 days. In group (iii) the
ratio is even higher, around 90%.
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Figure 8.3: Time span of interaction between the owner of the photo and
the user performing favorite actions.

Time Span of Owner-User Interactions

We created a histogram of favorite actions for all user-owner pairs in our
data set. Note that with our notation, a user selects a photo as a favorite
and an owner is the one who uploads that photo.

We analyzed only user-owner pairs with at least n favorites in total. As
Fig. 8.3 shows, there are high peaks in very short time periods (less than a
day). Note that we are considering only users that are connected by any of
the relationship types, therefore the analysis shows that the favorite action
happens in bursts and in many cases users do not return to favorite more
photos of those owners: users tend to favorite photos of connections in short
bursts.

Temporal Locality of User’s Interests

We analyzed favorite actions that were close to each other in time and ob-
served how many of the favorites shared a particular feature (e.g., were
uploaded by the same owner). In Fig. 8.4 we see that a large number of
photos favorited in less than an hour are likely to be from the same owner,
or group. Unexpectedly, in Fig. 8.4 we can observe subsequent daily peaks
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Figure 8.4: Likelihood of favoriting a photo with the same user, group or
tags for a given (short) time period.

for owners and tags. In Fig. 8.5 similar peaks are observed for weeks. One
interpretation of this is that when a user is interested in a picture with a
certain feature, pictures that share this feature are more likely to be favor-
ited.

8.4.4. Favorite Sessions

Another interesting aspect of favorite actions is their burstiness, in other
words, measuring whether favorite actions occur uniformly over time or in
bursts. We analyzed favorite actions within sessions, assuming that favorite
actions are performed in the same session if the time difference between
each pair of consecutive actions was lower than 30 minutes. Given this
constraint, we measured the size of each session, comparing the two last
groups described in Section 8.4.3: users with more than 200 favorites in
total, and the 24K sampled users. The size of the sessions is much smaller
for the sampled users, for which we considered only favorites performed
within 10 hours of adding a photo.
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Figure 8.5: Likelihood of favoriting a photo with the same user, group or
tags for a given (long) time period.

We found that approximately 70% of the sessions have favorited photos of
no more than 3 different owners. In almost 21% of the sessions the photos
selected as favorites are from a single owner, and in about 35% of the sessions
from two owners.

8.5. Computational Features

Below we describe a number of features derived from the outcomes of the
data analysis, and we perform a simple evaluation of their suitability in
terms of how well they are able to recall favorited photos. We also build a
baseline favorite recommender as a proof of concept.

Since we have information on which photos have been favorited, we perform
the evaluation by assuming that we want to predict a particular favorite
action. In other words, let’s say that at time t a user favorites a photo p.
When the user favorites that photo, he choses it from a set of photos S.
In our analysis, we simply consider all photos in set S and examine which
features might be more useful in predicting photo p, i.e., the one that was
selected as a favorite.
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We will use the following notation:

Recipient – a user who is receiving photo recommendations.

Owner – the owner of the photo that is recommended to the recipient.

Recommendation event – the moment in time (t) in which the
system presents the recommendation to the recipient. We assume that
the favorite action takes place when a photo is recommended (i.e., the
moment of the recommendation event is equal to the moment of the
favorite action).

Search space – the set of photos S that are considered for recom-
mendation in a single recommendation event. In this analysis we focus
on photos that were uploaded by connections of the recipient, at most
10 hours before the recommendation event.

8.5.1. Photo Based Features

Photo based features are extracted from each photo that is considered for
recommendation (i.e., each photo in the search space S defined above).

Photo recency – timestamp of the upload of the photo (users are
more likely to favorite recently uploaded photos, see Section 8.4).

Number of favorites – the number of times a photo was favorited
by other users prior to the recommendation event.

Number of comments – could be indicative of interest in the photo.

8.5.2. Photo Owner Features

Owner based features are related to the owner of the photo that is considered
for recommendation, so all photos uploaded by a single user (owner) have
the same owner features.

Likelihood of favoriting owner’s photo – the number of times a
photo from the owner was favorited, divided by the total number of
owner’s uploads.
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Inverted batch size – the inverted number of photos by the same
owner in the search space. The assumption behind this feature is that
users who tend to upload large sets of pictures are less concerned with
their quality.

Recency of connection link – timestamp of establishing a connec-
tion between the user and the owner: users might be more curious
about photos of recent connections.

8.5.3. Feature Evaluation

In the following experiments we used the favorite actions of 100 users ran-
domly chosen from the sample set of 24k users described in Section 8.4.3.
Therefore, we considered only favorites done on photos from connections,
uploaded at most 10 hours before the favorite action.

The objective is to rank all the photos that were uploaded within that time
frame by the user’s connections, so the favorited photo is in the top of the
ranking. Each favorite action was considered a separate recommendation
event. In this setting, the dataset contained 38, 211 recommendation events
in which the total number of photos was 4, 632, 013 (on average 121 photos
per recommendation event). We split the data into training and test sets,
where the first 80 favorites of each user correspond to the training set (8, 000
recommendation events).

Since photos uploaded within 10 hours are considered, it is possible that
the user may have already marked some of them as favorites. Given that
photos cannot be favorited more than once by the same user, these were
omitted (on average 1.8 photo per recommendation event). All feature values
in the training and test sets were calculated on the information that was
available, prior to the recommendation event (following the timestamps of
user actions).

We used the average recall for the first k results as metric to determine
the accuracy of features. Recall@k is the number of true positive instances
among the first k results of the ranking, divided by the total number of pos-
itive instances. In each test case there is always one true positive instance
(the favorited photo), and this measure represents the ratio of recommen-
dation events for which the ranking was able to place the favorited photo
among the first k photos of the search space.
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Figure 8.6: Accuracy of features in photo recommendation task using photo
based features.

Figure 8.7: Accuracy of features in photo recommendation task using user
based features.

Accuracy of Photo Based Features

Among the three photo based features (i.e., photo recency, number of fa-
vorites, number of comments), the recency of the photo turns out to be the
most accurate, see Figure 8.6 for the results. This feature is also the third
most accurate among all tested features. The good performance of this fea-
ture can be predicted by observing the relation between the recency and the
ratio of favorited photos.
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However, it is also possible that the performance of the recency feature is
biased by the fact that the most recent photos of a user are shown first in
the Flickr interface.

The number of favorites and number of comments prior to the recommen-
dation event represent actions by other users (i.e., those that do not own
the photo, and those that are not receiving the recommendation). Such ac-
tions are commonly used in standard recommendation techniques based on
collaborative filtering. Both features have lower accuracy than the recency
of a photo. Among the photos in the search space, 90% are already marked
as favorites were favorited less than 10 times. This is expected given that
we consider only photos that were uploaded at most ten hours before the
recommendation event.

Accuracy of Owner Based Features

The main feature describing an owner of a photo is the number of favorites of
his/her photos prior to the recommendation event. We tested three features:
total number of favorites for the owner of the photos (#favorites per owner),
total number of favorites marked by the recipient for the owner (#favorites
for owner by recipient), and likelihood of owner’s photo being favorited by
a specific user given the photos in the search spaces of all recommendation
events prior to the current one (likelihood of favoriting owner by user).

The first metric has the highest coverage; the last is most likely to have the
best precision. Surprisingly, we can observe a very large difference between
the total count of favorites and the personal count of favorites. The former
has very low accuracy, which is unexpected.

The third feature is clearly superior. It measures the likelihood of an owner’s
photo being favorited by a recipient. The feature is personalized, which
means that a separate likelihood value is calculated for each recipient. The
high accuracy of this feature suggests that users tend to have a set of own-
ers whose photos they frequently favorite. Indeed, in the sample, 40% of
favorites are from owners who were favorited already five times (the total
ratio of photos in the search space from these users is 13%). On the other
hand, owners with no prior favorites contribute with 41% photos in the
search space, but only 20% of favorites come from them.

The inverted size of owners’ photos has reasonably good accuracy, suggesting
that users who submit large sets of photos are in general, less likely to
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submit interesting photos. The last user based feature – the recency of user
connections has very low accuracy.

Accuracy of Similarity Based Features

In addition to photo and user-based features, we tested a range of features
calculated based on the similarity of users and photos. We found that com-
paring to other features similarity between recipients and owners/photos has
low favorite photo prediction accuracy. It appears that tags and groups are
not as important in choosing favorited photos as who the photo owners are.
Two additional reasons for low accuracy of similarity based metrics is the
sparsity of tags and groups and the fact that users often assign the same set
of tags to a large group of photos.

8.6. Discussion of Recommendation Results

We tested two recommendation strategies. The first strategy is to frame the
recommendation task as a binary classification problem. In this case, the
favorited pictures are treated as the only positive instances. The features of
the photos are used to built classifiers. For each tested photo, we assign its
ranking score as the confidence value obtained by the classifier in classifying
a photo as positive instance. The second strategy is a simple linear combi-
nation of ranking scores proposed by the features. It utilizes the fact that
most of the numeric features already convey some notion of the likelihood
that a photo will be favorited. In all experiments we used the same dataset
as was used for the evaluation of the accuracy of the features.

8.6.1. Classification

We tested a wide variety of classification algorithms, among them we found
that Gradient Boosted Decision Trees (GBDT) approach presents the best
performance, both in terms of effectiveness and efficiency. This result is
in-line with the classification algorithm proposed for photo recommendation
by van Zwol et al. [110]. In all presented experiments, we used the GBDT
algorithm based on decision trees (REPTree algorithm) as weak learners.
We have tested the algorithm in two settings. Global setting, in which the
first 80 favorites from all users were used to train the global classifier (8, 000
positive instances, 540, 802 negative instances). Personal setting, in which a
separate classifier was built for each user, based on the 80 positive instances
for a user and the corresponding negative instances. To capture the temporal
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Figure 8.8: Classification.

Figure 8.9: Linear combination.

characteristics of the data we used another boosting layer on top of GBDT.
We built 80 weak classifiers for each set of 5 consecutive favorites. The final
score of the boosting algorithm was the sum of scores of all weak learners.
Finally, we run the boosting algorithm in adaptive mode, in which each
newly added favorite (together with four preceding favorites) was used to
build a classifier that replaced the oldest classifier in the list (sliding window
approach).

Global classifier clearly outperforms the personal version of the basic clas-
sifier (Figure 8.8). It suggests that the number of instances used to train
personal classifiers is insufficient. The performance of the personal classifier
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Figure 8.10: Comparison with feature baselines.

is slightly improved by the use of the additional boosting layer. However,
only the adaptive version of the personal algorithm is able to perform equally
well as the global classifier.

8.6.2. Ranking Merging

We decided to merge two of the most accurate features from photos and
user based features, namely the recency of the photo and the likelihood of
owner being favorited by a user. In each recommendation event the values
of features were normalized for all photos in the search space. Later, they
were linearly combined using a parameter α that defined their relative im-
portance (Eq. 8.1). Despite its simplicity the recommender based on the
linear combination of recency and owner likelihood values has comparable
performance to the top classification based recommenders (Fig. 8.10). We
have experimented with various values of α showing that putting more im-
portance to the recency feature can improve the performance of the system
for the top photos, but at the same time decreasing the accuracy for larger
result sets (Fig. 8.9).

ssum = slike + αstime (8.1)

8.6.3. Summary of Experiments

The results of our experiments show that even quite complex classification
algorithms are not able to outperform basic linear combination of rankings
from the two top features. It suggests that the discretization of features, that
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is a necessary part of classification process, removes useful information from
the feature ranking. At the current stage of work, it seems that combination
of features is a more promising recommendation strategy. However, to test it
further, we need a multiobjective optimization technique that would be able
to discover the optimal merging parameters. The optimized function would
be the average accuracy of the system for a set of recommendation events.
The function is likely to be relatively easy to optimize using basic gradient
descent like techniques. However, the computation of the function value
would require the iteration over all photos in all recommendation events,
which is likely to be computationally expensive.

8.7. Summary and Discussion

We presented an analysis of the favorite action in Flickr. The results show
that users tend to favorite recent pictures of their connections, and in partic-
ular of their contacts; favorite actions tend to happen in bursts, particularly
when considering individual user-owner pairs. For instance, it is common
for a user who favorites a photo of a connection, to favorite several photos of
that connection in a very short period of time. We also examined different
features, both for owners and photos, in order to determine how useful they
might be in a recommendation task. In particular, we used the results of
the analysis to build a number of computational features and tested their
suitability in determining which photographs may be marked as favorites.
Our work contributes to gain insights into the “liking” behavior in social
media (at least in the specific case of Flickr), and to inform strategies for
recommending items users may like. We made a comparative analysis of
different features, based on user and photo information, with the aim to
recommend which photo the user will mark as favorite.

In the next chapter, we will see different ranking approaches based on explicit
and implicit information, and among those; we will compare favorites and
graph-based strategies.





Chapter 9

Implicit and Explicit
Ranking Approaches

The last chapter of this thesis provides a comparison among browsing graph-
based algorithms and commonly used approaches based on explicit feedback.
Our analysis on the results reveals the different characteristics of the feed-
backs and techniques applied.

In this chapter, we compare different rankings of images in Flickr and in-
vestigate the factors that affect each ranking, in order to perform image
recommendation. In social media platforms, ranking of images depends on
many factors such as the social interactions and the visibility of the images,
both inside and outside those platforms. In this context, neither the ap-
plication of standard ranking methods, nor the subtleties associated with
taking into account the social interaction, and internal and external factors,
are clearly understood. To this end, we use a large Flickr dataset and in-
vestigate these factors by performing an in-depth analysis of several ranking
algorithms using both internal (i.e., within Flickr) and external (i.e., links
from outside of Flickr) factors. We analyze rankings given by common met-
rics used in image retrieval, such as the number of favorites, and compare
them with metrics based on page views, such as the View and the View
Time. The results of this chapter were published in [100].

125
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9.1. Introduction

Many social media platforms function as somewhat independent ecosystems,
in which users carry out a number of social activities. Particularly, in Flickr,
users can share content and participate in multiple communities by submit-
ting their photos to groups, by joining groups, and by performing several
types of actions over Flickr content such as comments, notes, and favorites.
Thus, the way the content is consumed is strongly influenced by all of the
different social navigation paths that lead to it: a photo on Flickr, for ex-
ample, can be linked from a user’s favorite photo collection, from several
groups, galleries, and via other mechanisms, including the “external” web
(i.e., URLs outside of the Flickr domain such as blogs, news articles, etc.).

As more social media platforms emerge, one of the key questions is whether
traditional ranking algorithms, that do not take the subtleties of navigation
patterns driven by social connections into account, can be successful within
those ecosystems. In particular, the problem we are interested in addressing
is the general ranking of images in Flickr (i.e., we would like to rank all of
the images or a subset of them, in the order of importance). Such ranking
can have many applications, including retrieval, and information discovery,
among others.

The importance of images in Flickr, or of “nodes” in similar social media
platforms, might depend on a number of internal and external factors. For
example, an image that is very popular in a group with a cult following,
may have been marked by many users as favorite image. The image might
have received a large number of favorites due to its visibility in the specific
communities. In contrast, an image of an important real world event (e.g.,
the British Royal Wedding) might get a high number of views, not due to
its visibility in specific communities, but due to its well connectedness by
multiple external (i.e., outside of the Flickr domain) media outlets, and get
comparatively few favorite marks. One of the key questions is thus what the
impact of those external and internal factors is on ranking and selection of
content.

In this chapter, motivated by the scenario described above, we investigate
the factors that affect image ranking by performing an in-depth analysis
of the results of several ranking algorithms, taking into account both the
internal (i.e., within Flickr) and the external (i.e., links from outside the
Flickr domain) factors. In particular, we analyze rankings given by common
metrics used in image retrieval (e.g., number of favorites), and compare
them with the metrics based on page views (e.g., View, View Time). More
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specifically, in order to take into account the structure of Flickr in terms of
navigation paths to and from specific images, we represent the navigation
patterns of the users with the BrowseGraph, and combine session models
with some of these metrics. We implement PageRank and BrowseRank,
and, compare them with different rankings.

Our main contributions can be summarized as follows:

We compare five different implicit and explicit image ranking methods,
evaluating them with a number of features that give us insights about
which aspects each ranking method emphasizes.

We introduce a variation of the BrowseRank algorithm, in which nav-
igation patterns are used to assign a different damping factor to each
node in the graph.

We analyze the connectivity patterns of a large BrowseGraph extracted
from Flickr. Results point to structural peculiarities that differentiate
browsing graphs from other complex graphs like social and similarity
networks.

To our knowledge, this is the most detailed comparison between image rank-
ing algorithms in terms of number of baselines and features considered, and
it is the first attempt to use BrowseRank for an image ranking task.

9.2. Ranking by BrowseGraph

In this section, we present an analysis of the Flickr BrowseGraph with the
filtering and the referrer URL taxonomy respectively described in Chapter 3
(Section 3.3.1). Furthermore, we briefly describe the original BrowseRank
algorithm [72] and the modified version adapted to our domain.

9.2.1. Analysis of the BrowseGraph

The BrowseGraph we extract from the Flickr sessions has about 50 Million
nodes and 95 Million arcs, with a very low graph density of around 3.8·10−8.
Statistics on the average degree connectivity and the graph size for different
Flickr entities are reported in Table 9.1. Higher in and out degree of group
and user nodes compared to photos, suggests, as one might expect, that
thematic groups and user profiles are hubs for the exploration of the website.
The role of groups as navigation hubs is confirmed also by the inspection
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All Photos Groups Users

#Nodes 49,275,691 46,569,946 183,996 2,521,749

〈kin〉 1.94 1.57 13.72 7.99

〈kout〉 1.94 1.51 13.69 9.05

Table 9.1: BrowseGraph statistics, with detail on single node categories,
where

〈
kin/out

〉
denote the average in- and out-degree.

%Links 〈w〉
Photos Groups Users Photos Groups Users

Photos 0.6182 0.0098 0.1071 1.49 1.21 1.44

Groups 0.0114 0.0092 0.0057 1.54 1.44 1.65

Users 0.1332 0.0075 0.0979 1.48 1.41 1.32

Table 9.2: Flows and weights in the BrowseGraph. Cells report the overall
percentage of links flowing from a node type to another and the average
weight 〈w〉 of edges according to the type of the endpoints.

of the navigation flows between all of the possible pairs of node categories
(Table 9.2), which shows that links from groups towards photos or users
are on average used more often (i.e., have higher weight) than other link
types. Moreover, it appears that groups and user pages attract traffic from
many sessions, but soon redirect this traffic to particular photos. This can
be inferred by the fact that the in-degree distribution for users and groups
is heavier and broader than for photos, but the scenario is reversed when
considering the distributions of the edge weights towards each node type
(see Figure 9.1). In a nutshell, sessions end up in groups and user pages
from anywhere in the network and from there they tend to converge to the
most interesting or well positioned photos in the page.

Despite the important role of groups and user pages, the majority of arcs
in the BrowseGraph are due to the navigation from one photo to another
(62% of links, see Table 9.2). This is partially due to the disproportion in
the cardinality of the three node categories (photo nodes account for 95%
of nodes in the graph), but mainly it is the result of frequent navigation
patterns. In fact, as shown in Figure 9.2, users very often browse photos of
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Figure 9.1: CCDF of the in-degree (kin) for the three node types in the
BrowseGraph (left). CCDF of arc weights for arcs terminating in nodes
representing photos, groups or users (right).
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Figure 9.2: Distribution of ratio of session hops between two pictures be-
longing to the same owner (hu) over the total number of hops htot. The inset
shows the CCDF of the number of hops for the sessions visiting only nodes
of a single user, which constitutes the majority of cases (left). Average num-
ber of hops between pictures of the same owner 〈hu〉 at fixed session length
(right). Points lying almost on the diagonal mean very high correlation.

the same owner and this happens not only for short sessions, as highlighted
by the rather broad distribution of session length for this case. This be-
havior is largely determined by the Flickr photostream, that we analyzed in
Chapter 6, which shows a strip of 5 photos from the same owner.
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More generally, while surfing the Web, every user who visits a page eventu-
ally leaves following another link (or, more unlikely, end her session). As a
result, a network created by the composition of such browsing patterns will
have very high balance between in-and out-connectivity of nodes, as shown
in Figure 9.3 (top). Such structural feature clearly differentiates navigation
graphs from social graphs, in which popular individuals such as celebrities
attract many connections and return a few back. The observed balance pat-
tern gets slightly blurred only for very highly connected pages. Specifically,
as shown in Figure 9.3 (bottom), well connected groups tend to have a higher
in- than out-degree, while the distribution of the ratio of in-strength over
out-strength for the most visited photos has a heavier tail towards values
greater than one rather than towards zero. This confirms a scenario where
the user navigation when not jumping from one photo to another, flows to
hubs and gets redirected to popular photos.

Finally, a prevalent unidirectionality of browsing patterns can be evinced by
the very low portion (0.17) of directed arcs A→ B having a reciprocal B →
A, namely the reciprocation of the network. Again, this parameter is another
footprint that discriminates navigation networks from social networks, which
are on average highly reciprocated due to conventional social protocols.

9.2.2. Definition of BrowseRank

The BrowseGraph just outlined contains the information about user naviga-
tion paths and browsing behavior within Flickr. For example, the tendency
to visit pictures in succession, moving directly from one photo to another,
or exploiting the group and user nodes as hubs in order to select interesting
photos and continue browsing.

Our goal is to use the computed BrowseGraph to rank entities inside Flickr.
Since our BrowseGraph contains different types of nodes (photos, users,
groups), not only photos are ranked. The obtained rank should capture well
the global interest patterns leading the web surfers to any of the entities
considered. In this work we consider the rank for the photo nodes only, but
in principle the rank scores obtained for user and group nodes can be used
as well for different tasks.

Relying on the BrowseGraph structure alone may lead to a series of prob-
lems. Due to the low density of the graph (see Section 9.2.1), the ranking
could be biased towards nodes with high degree (e.g., a user with a large
number of photos or spammers), regardless of the quality of the entities.
Moreover, important node attributes such as the time spent on them or
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Figure 9.3: Average out-degree 〈kout〉 and out-strength 〈sout〉 at fixed values
of in-degree kin and in-strength sin, for the three node types (top). Distribu-
tion of points almost perfectly aligned on the diagonal reveal the extremely
high correlation between the amount of in and out session traffic which
characterize navigation networks. Distribution of the ratio between in- and
out-degree (in-and out-strength) for nodes with an in-degree (in-strength)
higher than 500 (bottom). The different skews of the distributions highlights
the different roles of the three node types in browsing.

popularity, would not be taken into account. The ranking needs therefore
to be adjusted using additional information. We applied and improved an
algorithm that takes into account the time spent by the user on a page and
uses this information to readjust the values returned by PageRank.

BrowseRank [72], is a ranking algorithm based on a continuous time Markov
process model that exploits the link structure of the BrowseGraph. As op-
posed to the classic Markov process, BrowseRank takes into account the
time that users spend on the page. In the context of Flickr, time spent
on a photo could be a good indicator of interest by the user. Next, we
describe the algorithm and the way in which we adapted it to the Flickr
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BrowseGraph.

Continuous-time Markov Model

As in [72], we use the Continuous-time Markov Model represented by the
matrix P (t) = [pnm(t)]N×N , where pnm represents the transition probability
from vertex vn to vm for time interval t.

The BrowseRank algorithm computes the stationary probability distribution
{πi} by using the transition rate matrix Q = [ ∂∂tP (t)](0) and the Embedded
Markov Chain (EMC). The EMC is a discrete Markov process derived from
Q (for details see [72]). Given the stationary probability distribution of the
EMC π̃i, we can compute πi using

πi =

π̃i
qii∑
{vj}

π̃j
qjj

. (9.1)

Embedded Markov Chain

The EMC is a Markov Chain whose transition probabilities are based solely
on the observed transitions between entities in the BrowseGraph:

G = 〈{vi}, {eij}, {wik}〉 , (9.2)

where {vi} is the set of vertexes, {eij} is the set of edges and {wij} the set
of weights associated with the edges.

In addition, for each node j, we compute the reset probability σj , i.e., the
probability of starting a new session in j as the number of sessions that
start in j over the total number of sessions. Moreover, for each node j, we
compute the stop probability αj , i.e., the probability of ending the session in
j as the number of sessions that end in j over the total number of sessions
that contain j. Both probabilities have been smoothed in order to avoid
zero probabilities.

The transition probabilities of the EMC are computed in the following way:

emcij = αi
wij∑
{vk}wik

+ (1− αi)σj . (9.3)

Intuitively, Equation 9.3 indicates that as the user traverses node i of the
graph, she may continue the navigation with probability αi or randomly
reset to any other node with probability (1 − αi). In case she continues,
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the transition probability is computed based on the observed transitions. In
case she resets, the probability of ending up in node j is the reset probability
σj . Equation 9.3 looks similar to the weighted PageRank algorithm [120],
but we are able to exploit additional information that is not available to
web crawlers. By having the number of sessions starting and stopping in a
given node, we are able to estimate the specific reset and stop probabilities
σi and αi for every page i. The estimation of these parameters makes the
random walk more realistic since it models the navigation of the user in a
more accurate way. Equation 9.3 differs also from Equation 8 in [72] in the
fact that we are not only estimating the reset probability, but also the stop
probability. The additional advantage of this parameter estimation is that
it avoids to manually set any parameter prior to running of the algorithm.

After computing the EMC transition probabilities, we compute the station-
ary probabilities {π̃i}. Up to this point we have not taken into account the
time spent by the user on the entities. It is indeed interesting to compare
the performance of the ranking with and without this information. We will
therefore save the {π̃i} and we will refer to them simply as the PageRank.

BrowseRank

As a final step, we include the information about the time spent by the user
on the entities to improve the result of the previous section. For each vertex
of the BrowseGraph vi we compute the duration of the visits of users as
follows:

For each pageview pn with timestamp tn belonging to session s, we
compute its duration dn as the difference between the timestamp of
the next pageview and its timestamp dn = tn+1 − tn. As we are not
able to compute the duration of the last action of a session, we decided
to discard it.

We then compute the aggregate durations by summing up the duration
of consecutive pageviews that refer to the same BrowseGraph vertex
vi.

Finally, for each vi we compute the sample mean Z̄i and the sample
variance S2

i of its aggregate durations.
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We apply the additive noise model [72] to cope with noise deriving from
different connection speeds and we compute qii by solving the optimization
problem in the following equation:

min
qii

((
Z̄ +

1

qii

)
− 1

2

(
S2 − 1

q2ii

))2

s.t. qii < 0

(9.4)

We can now solve Equation 9.1 to compute the value of BrowseRank for
every node.

The BrowseRank algorithm is straightforward to parallelize in Map-Reduce.
In terms of complexity, the most demanding step is the computation of the
stationary probability distribution of the EMC π̃i. Using the power method,
the overall complexity of the algorithm is O(N log(1/ε)), with N number of
edges in the graph and ε a given degree of precision [12].

9.3. Evaluation

We compare the top 1,000 Flickr photos ranked using five different impor-
tance scores, specifically:

Favorites: absolute number of favorite marks assigned to a photo.
Favorites can be assigned only by Flickr users.

Views: absolute number of views of the photo page (this includes
users that are not logged in).

View Time: cumulative time spent by all of the visitors of a photo
page.

PageRank: PageRank score of the photo page, with estimated start
and stop probabilities as denumber of viewscribed in Section 9.2.2.

BrowseRank: BrowseRank score of the photo page, with estimated
start and stop probabilities as presented in Section 9.2.2.

The selected methods include a fairly general selection of explicit (Fa-
vorites), implicit (Views, View Time) and centrality-based ranking tech-
niques (Page/BrowseRank). The number of favorites has often been used as
an evaluation baseline in Flickr photo ranking [84] as it is the most explicit
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indication of preference and the scores can easily be aggregated. Views and
View Time are also often used for ranking in photo sharing sites due to the
ease of computation. Although quantitative correlations have been found
between the visit count and the explicit user feedback on photos [65, 85], we
show that all metrics behave in appreciably different ways.

9.3.1. Popularity, Interestingness, and Diversity

When comparing different picture sets, image quality is just one of the pa-
rameters. In particular, when images are embedded in dynamic social envi-
ronments, the interest people have in particular photos can be determined
(or influenced) more by the social dynamics of a community (e.g., a group
in Flickr) than by the inherent quality of the photos themselves. Similarly,
interest can originate externally (i.e., many photos in Flickr are linked from
outside of Flickr) and thus be important independently of their aesthetic
qualities (e.g., photos of important events).

Given that several factors can be taken into account in considering a ranking
of images, we identified four importance macro-notions and we list some
quantitative features for each of them. All of the features were then used as
evaluation parameters to compare the rankings.

Internal popularity. Popularity of a photo inside the Flickr com-
munity. Popularity does not necessarily imply quality, but directly
expresses the interest of users in a particular item. Features describ-
ing photo popularity are the number of Comments the picture receives
and the number of internal Flickr Groups in which it appears.1

External popularity. We consider measures of external popularity:
the number of search results obtained from a Google search (Google
Results) using the photo page URL as a query, the Google PageRank2

of that URL, and the number of browsing sessions originating from an
external URL that visit the photo page as the first Flickr page.3

1Although placing an image in multiple groups does not automatically make it pop-
ular, one can argue that photos that appear in multiple groups can be considered to be
more popular because they have wider exposure

2We obtained the Google PageRank querying the API for each photo page URL
http://api.exslim.net/docs/pagerank

3For several queries, the Google search results were similar to those obtained by other
search engines, so we used them as a representative metric

http://api.exslim.net/docs/pagerank
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Collective attention. Users not logged into Flickr as well as Flickr
users who do not actively give feedback on photos, implicitly express
their interest in specific photos by visiting the pages that contain them
and by spending time on them. Therefore, we use the total number of
views of a photo (View) and the cumulative time spent on the photo
(View Time) as an aggregate measure of attention that a generic web
user, whether or not logged into Flickr, devotes to that image.

Diversity. One of the applications of ranking a large-set of photos
might be to display the most interesting ones. In this case, a very
homogeneous set of pictures may result appealing to some user cat-
egories but are less likely to attract a wide public. Assuming that
photos belonging to the same user are on average more homogeneous
than pictures taken from different users, diversity can be estimated by
the number of different photo owners. Additionally, an analysis on the
diversity of the corpus of tags of the photos can be a measure of the
variety of concepts represented.

We use Views and View Time as both ranking metrics and evaluation pa-
rameters to draw a more complete analysis of other rankings. We could have
done the same for the number of comments, but we omitted to use it as a
ranking metric because its performance was very similar to the Favorites.
Cumulative values of each of the features defined are shown in Figure 9.4.
To give a long-range overview of the behavior of the different ranking strate-
gies, we show the feature values for the top 1K photos. Nevertheless, since
many applications need much shorter ranked lists, we report that the rela-
tive position of the different curves is nearly unchanged for the top 20 and
top 100 photos, for all the metrics considered.

Results reveal that most Favorites have good internal popularity, being the
top metric in both the number of groups and comments, but behave worse
than any other metric in terms of external popularity and collective atten-
tion. In contrast, photos with top BrowseRank scores are less popular inter-
nally (even though their scores are comparable to favorites up to the top 100)
but they attract relatively more collective attention and position above any
other metric when counting external relevance and owner diversity. PageR-
ank behaves worse than BrowseRank except for collective attention. Finally,
Views and View Rime perform reasonably well for external popularity and
by definition in collective attention, but surprisingly the ranked photos have
relatively little popularity in groups and receive few comments.
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Figure 9.4: Comparison of the five ranking methods considered (Browse-
Graph, PageRank, Views, View Time, Number of Favorites), according to
eight features. Curves show the cumulative value of the features up to the
top N ∈ [1, 1000] results in the ranking. Views and View Time are used as
both ranking methods and features.
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|photostag |
|photos| |tags| |set(tags)| 〈tags〉 H

BrowseRank 0.73 7,913 4347 7.93 11.23

PageRank 0.75 7,129 3,583 7.39 10.57

Favorites 0.53 4,164 2,936 5.98 10.81

View Time 0.80 6,192 2,245 6.20 9.31

Views 0.83 6,523 2,113 7.14 7.14

Table 9.3: Statistics on the tag diversity for the top 1000 photos in the
rankings. Columns report, from left to right: fraction of tagged photos,
number of tags, number of distinct tags, average number of tags per photo,
and entropyH associated to the tag frequency distribution. Entropy is given
in number of bits (log2). Highest values are highlighted in bold.

Diversity in terms of tag categories is explored separately in Table 9.3. The
richness of the annotation corpora from the five rankings are evaluated in
terms of number of (distinct) tags appearing in the corpus or on single pho-
tos. Furthermore, we computed the entropy on the tag frequency distribu-
tion as a measure of uncertainty of the type of tags attached to a randomly
selected photo. BrowseRank clearly outperforms all other metrics.

9.3.2. Quality from Visual Inspection

Assessing the quality of photos by visually inspecting them is a challenging
task due to the intrinsic subjective component of the evaluation. However,
to gain insights into how different quantitative features impact the type of
images shown, we show the top 10 images for all of the 5 ranks considered
(Figure 9.5).

Albeit any manual classification is ultimately arbitrary, we partition the
photos in four well-recognizable, high-level categories that help to better
understand the nature of the top photos. The pictures shown are assigned
to one of the following categories: 1) artistic high-quality landscapes or
portraits, 2) major natural and social events, 3) part of specific photo series
or serial events, and 4) peculiar or curious shoots. The classification of each
image is reported in Table 9.4.
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Figure 9.5: Top 10 photos for the five ranking strategies considered. Pic-
tures include: (F2) shot of an empty railroad station during a hurricane in
US, (F4 and similar) pictures of visitors to a horror house, (F8,F10) fun cal-
endar series, (F9) memorial potrait of Steve Jobs, (B1) portrait in support
of gay marriage, (B4) rare natural phenomenon of water masses at different
densities melting one into another (the photo was broadcast by several news
media), (B5) arrests during the “Occupy Wall Street” movement demonstra-
tions, (B6) mosaics of a popular electronic-game character, part of a wider
series, (B9) close lion encounters tourist van, (B10,P10) art installations,
(T10) mugshot of the youngest African-American sentenced to death in the
US, and (F1,B2, and more) artistic portraits, landscapes or photoart.

At first glance, Views and View Time rankings are dominated by a majority
of photos depicting scared visitors to a horror house.4 Traces of the same
series, plus a couple of pictures from a humorous calendar series are present
also among the top Favorites; besides that, artistic pictures are prevalent,
followed by two photos related to breaking news. BrowseRank and PageR-
ank have an almost identical set of pictures, in different order. They both
contain as many artistic images as Favorites but more images related to
trending topics or natural events. Series-related pictures are present (i.e.,
horror house and mosaics of electronic games characters) but just as single-
tons. Photos of peculiar art installation or entertainment activities complete
the ranking.

4See http://www.nightmaresfearfactory.com/

http://www.nightmaresfearfactory.com/
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Art Events Series Peculiar

BrowseRank 2,3,7,8 1,4,5 6 9,10

PageRank 4,5,7,9 2,3,6 1,8 10

Favorites 1,3,5,6 2,9 4,7,8,10 -

View Time 5,9 10 1,2,3,4,6,7,8 -

Views 9 2,5 1,3,4,6,7,8,10 -

Table 9.4: Manual classification of top 10 ranked photos into four categories
representing high-quality artistic images, natural and social events, picture
series, and peculiar or fun images. Image numbers refer to Figure 9.5.

9.3.3. Analysis of the Results

The overall scenario emerging from the comparison shows that different met-
rics promote different types of photos. Rankings based on explicit feedback
(i.e., Favorites), boost pictures that are well spread across Flickr groups
and that receive attention from active Flickr users, but that may not have
great impact outside of Flickr. Top rated images tend to belong to a small
set of owners, conveying a lower semantic variety than the pictures from
centrality-based rankings, where artistic photos made by professionals are
prevalent.

BrowseRank and PageRank, instead, overshadow a bit the very popular
content inside Flickr to provide images with higher semantic variety and
with apparently stronger interest from a broader part of the Web (outside
of Flickr). This includes popular photos on trendy social events or pictures
about popular fun facts or peculiar subjects. A positive side-effect of this
is that photos that are related to popular memes, just inside Flickr (e.g.,
horror house pictures), are downgraded and tend to disappear from the
top ranking. Moreover, being based on the data from the navigation log
only, centrality rankings are fully implicit. They do not need an active
user commenting or voting the images. This means that BrowseRank and
PageRank, are effectively more able to pick up diverse image collections, and
produced more balanced lists by considering external links to the photos.
Such algorithms can be profitably parallelized, making their computation
efficient, even for big social media sites like Flickr.
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Simpler metrics such as Views and View Time has the advantage of an easy
computation, but overall, they perform poorly compared to others, at least
in terms of diversity of the results.

9.4. Summary and Discussion

The problem of general ranking of images, in social photo sharing services,
has not a widely-accepted solution, moreover, differences between different
strategies have not been explored in depth so far. To shed light on this
matter, we compared five possible ranking strategies in Flickr: explicit feed-
back (number of favorites), implicit user information (views and view time),
and graph-centrality methods (PageRank and BrowseRank) applied to the
BrowseGraph. In particular, we contribute to the definition of a customized
version of the BrowseGraph that is limited to the navigation patterns in-
side the boundaries of the considered service, but that takes into account
also the entry points of users navigating to Flickr from other domains. The
purpose of such model is to express the complexity of navigation patterns
in a meaningful way, which captures the importance that images have out-
side of the social media platform being considered. Unlike previous work
in PageRank-based algorithms, we estimate a different damping factor for
each page from the user session information.

A comparison between rankings was performed on a large Flickr dataset
along several axes, including the internal and external popularity of ranked
images, the overall attention that they attract from web users, their diversity
in terms of ownership and semantic categories, and their visual appearance.
Favorite-based ranking boosts mainly professional artistic photos that are
very popular inside Flickr, but they are limited in variety and have low
impact on the external Web. On the contrary, centrality-based methods,
BrowseRank in particular, promote images that have attracted interest of
external Web services like news media and produce more diverse rankings,
minimizing the noise due to serial but relatively uninteresting photos peri-
odically popping out in Flickr.





Chapter 10

Conclusions and
Future Work

In this dissertation we perform different analysis and experiments regarding
the users’ browsing behavior. The browsing log is a very important data
source for any service provider for two main reasons: it is always available,
and it collects users’ implicit feedback. It contains extremely meaningful
information about how the user behaves within the website. Figure 10.1
summarizes some of the dimensions available in this type of log. The green
checks mark the dimensions that we used in the experiments described in
this thesis. We studied in depth some of these dimensions, in particular the
referrer URL, that is a source of information still very undervalued in the
literature.

However, the main drawback of the browsing log is the noise that character-
izes it. It collects events that are generated by the navigation of the user that
often need to be interpreted. This is one of the reasons why this data source
has been exploited significantly less than explicit feedbacks, in particular
in the domain of recommender systems. Understanding and exploiting the
browsing log could be very challenging, and this is an additional motivation
that leaded us to investigate it in this thesis.

The following sections summarize the main results, answer to the research
questions drawn up in Section 1.1, and in the last part, discuss some possible
research lines for future work.
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Figure 10.1: Browsing logs features used in the experiments of this thesis,
first to extract the sessions and then to build the BrowseGraph. The custom
data contains a set of additional information that depend on the configura-
tion of the web server. For example, event clicks in Javascript that do not
need to refresh the page, social media sharing buttons clicks, and so on.

10.1. Main Results

This thesis explores in depth how to exploit the user browsing behavior,
and in particular the referrer URL, in order to understand the preferences
of the user and perform personalized recommendations. First, we analyze
the relation between the referrer URL and the type of session the user does
(discussed in Chapter 4). We find that the domain visited by the user before
entering in the website, could be extremely meaningful in order to character-
ize the session of the user. We show, for the first time, that exist a relation
between the referrer URL and the content that the users consume in their
session. For example, in Flickr, users that land in the website from a mail
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Referrer Domain Page Layouts Contained in the Cluster

Aggregator consuming fresh content recently posted

Mail managing contacts, such as adding/removing friends

News browsing entire groups of photos

Search searching with Flickr interface, mainly CC photos

Table 10.1: Examples of the relations between the referrer URL and some
clusters of users’ sessions.

account, are most likely to manage the contacts of their social network and
navigate through their contents. Users coming from news domains instead,
tend to browse group pages, since they might contain photos related to the
same topics of the news articles. Some of the outcomes pointed out by by
our experiments are summarized in Table 10.1. These findings are extremely
significant for a website that can adapt the layout of the web pages and rec-
ommend specific content to each user, with respect to the general interest
of other users coming from the same domain.

Then, in Chapter 5, we exploit a browsing graph based on the naviga-
tional sessions of the users, called BrowseGraph, as well as browsing graphs
grouped by the same referrer domains (ReferrerGraphs). We build and ana-
lyze these graphs collecting navigation patterns of users coming from social
networks (Facebook, Twitter, Reddit), and from search engines (Yahoo,
Google, Bing). We show the importance of the referrer URL for facing cold-
start problems of newcomers in Chapter 7, and how the ReferrerGraphs help
to solve recommendation tasks. However, there are cases where the external
referrer URL is not available in the browsing log, and thus we cannot always
apply our approaches. This happen, for example, when the users enter in
the website through links shared in mail clients or social applications (e.g.,
Twitter Applications). Due to the importance of the referrer URL that we
acknowledge in this thesis, we perform some experiments with the aim to
identify, through the session of the users, from which referrer domain they
entered in the website. The result of our experiment, described in Chapter 5,
shows how it is possible to identify the correct referrer domain just after few
steps (i.e., web pages visited by the user), filling the missing information
and, as a consequence, permitting to personalize the content also for these
users. Moreover, since we use centrality-based algorithms to estimate the
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Referrer Domain Precision@1 MRR@3

social
Facebook 0.43 0.50

Twitter 0.47 0.54

Reddit 0.48 0.54

search
Google 0.24 0.30

Yahoo 0.22 0.27

Bing 0.27 0.34

Table 10.2: Summary of the results of the news article recommender system
based on the ReferrerGraph with the mix-edge combination (see Chapter 7
for details).

importance of the web pages to compute a general ranking of items. We also
experiment some limitation of PageRank in order to validate its reliability
on these types of graph.

Given these analysis, in Chapter 6 and Chapter 7, we implement different
recommender systems based on the browsing patterns of the users, and more
specifically on the ReferrerGraphs, and we evaluated them with Flickr and
Yahoo News data. These applications, face the cold-start problem of new-
comers, a problem extremely important for any service provider that wants
to increase the engagement of the new users, to present them interesting and
novel content. Particularly, about the news domain, we have shown how,
exploiting the referrer domain associated to the current navigation of the
newcomer, it is possible to predict the next page the user is going to visit.
Table 10.2 shows the main results for one of the algorithms that we pro-
posed, based on ReferrerGraphs. It highlights the good accuracy, in terms
of Precision and MRR, of the recommender for 6 referrer domains that we
considered. In particular, for the social network domains, the first article
recommended is in more than 40% of the cases the one the user will con-
sume. This result is obtained only exploiting the browsing log, in particular
the historical users sessions and the referrer URL from where the users were
coming. For a news website, being able to capture the interest of newcomers
at the first visit, results in increasing the overall flow of users. This is in line
with the goals of the majority of on-line free service providers: increase the
amount of new visitors and boost the volume of traffic. The approaches that
we described, can be applied in any domain and by any service provider.
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Evaluation Features Favorites PageRank BrowseRank

External
Popularity

Google PR 3 1 1

Google Results 3 2 1

External URLs 3 2 1

Internal
Popularity

Groups 1 3 2

Comments 1 3 2

Collective
Attention

Views 3 1 2

View Time 3 1 2

Diversity
(summary)

Owners 3 1 1

Tag Statistics 3 2 1

Table 10.3: Summary of the Flickr image ranking evaluation among the
centrality-based approaches based on BrowseGraph, and the more standard
based on favorites. The number represent the position among the 3 algo-
rithms with respect to the evaluation features (see Chapter 9 for details).

The final part of this thesis presents first, in Chapter 8, an analysis of the
users’ behavior with explicit feedback, such as favorites, in the Flickr photo-
sharing website. Then, it compares different explicit and implicit approaches
in order to rank web pages that represent the content of the website, such
as photo pages in Flickr. In Chapter 9, we compare graph-based solutions
that exploit the BrowseGraph and the referrer domains. These latter ones
are included in the BrowseGraph as external nodes, allowing the ranking
approach to consider also the external impact of the images that belong
to Flickr. A small summary of the results is shown in Table 10.3. The
contribution of the referrer allows the graph-based ranking to obtain different
and more interesting images for a more general audience, i.e., users that
are less involved in the Flickr network such as passive users, non-registered
visitors or newcomers. Moreover, the images ranked by these graph-based
algorithms, have a stronger external popularity in terms of search engine
results (reachability), PageRank (general importance), and referrer URLs
where they are shared (spreading).

In this dissertation we studied in depth the browsing log, mainly construct-
ing the BrowseGraph and the ReferrerGraphs. Our experiments shown how
these sources of implicit information help to understand the users’ prefer-
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ences and can be used for ranking and recommendation. We believe that
the contributions presented in this thesis will motivate more research around
these browsing graphs, and in particular, on the referrer URL, since we
shown their big predictive potential. At any rate, we hope the findings
highlighted in this thesis will lead to a greater consideration of these sources
of information.

10.2. Detailed Results

In this section we answer the research questions drawn up in Chapter 1.

Personalize Content for Newcomers

Q1. How could the content of interest be promoted to the users if we do not
know anything about them? Is it possible to perform a personalization
of content to newcomers?

We find that the referrer URL is correlated with the type of session per-
formed by the users. In other words, when the user enters the website, the
external URL from where the user is coming from, contains information that
shed light on the type of content the user is consuming in the website. As
a consequence, it is possible to estimate the interest of the user by consid-
ering the referrer URL. Moreover, if we collect the sessions of the users in
the BrowseGraph then we can compare the current navigation of a new user
(i.e., newcomer) with the history of previous users’ sessions. This leads to
an understanding of the current user’s taste. We show how to implement a
collaborative filtering recommender based on this finding that results to be
very accurate in predicting the content the user is going to consume.

BrowseGraph and ReferrerGraphs

Q2. How do PageRank-like algorithms behave on the BrowseGraph and on
the ReferrerGraphs? Are these graphs reliable in this context to un-
derstand user behavior?

The BrowseGraphs and the ReferrerGraphs have not been well studied in the
literature since they were proposed in 2008 [72]. We find that they suffer of
the Local Ranking Problem but that is possible to reduce the error regarding
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the local PageRank scores, by expanding the graph with a set of neighbors’
nodes (i.e., web pages). We use these findings to estimate the importance
of the images in Flickr in order to perform a ranking of images based on
the users’ navigation patterns. In addition, we show how these graphs are
extremely useful to identify the intent of the newcomers by exploiting the
browsing patterns of previous users.

BrowseGraph for Recommendation

Q3. Would it be possible to exploit these browsing graphs in order to recom-
mend novel and interesting content to users? What is the contribution
of these graphs compared to standard methods based on implicit or ex-
plicit data?

The graphs based on browsing logs contribute to face the cold-start problem
recommending interesting content to newcomers. We implement algorithms
based on the BrowseGraph to rank Flickr images, and we compare these
graph-based approaches with more standard methods based on favorites,
views and time spent. The graph-based approaches that consider the refer-
rer URLs of the users’ sessions, lead to a different ranking compared to the
other methods. For example, they rank higher images that have a stronger
external impact (i.e., outside Flickr), in other terms, Flickr images that are
very popular on the Web but that do not have many favorites or visibility
inside Flickr itself. This outcome highlights how, using the BrowseGraph, it
is possible to get information about the users exploiting their browsing be-
havior. Our experiments on news recommendation exploiting these graphs,
result to be very accurate especially for users coming from social networks
such as Twitter, Facebook and Reddit.

10.3. Future Work

The directions in which the work explained in this thesis can be expanded
and applied in related domains, are discussed in the following paragraphs.

Exploit Remaining Features of the Browsing Log

Figure 10.1 shows the features that we leveraged in this thesis to build the
sessions of the users. However, there are other features that could be ex-
ploited to increase the information regarding the user. The IP address for
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example, tells us the location from where the user is connecting, in other
words it allows the geo-location of the users that might lead to different
investigation and personalization location-oriented. Other information are
contained in the custom data, that it strictly dependent on the configuration
of the web server. It might contains events based on Javascript or buttons
clicks. For example the sharing of certain web pages through social buttons
on websites such as Twitter or Facebook. This information is not always
available since it depends on the ad-hoc configuration of the server. The
actions performed by the users when they share on-line content (e.g., im-
ages, news articles, videos) through social platforms, have been found to be
extremely related to the overall consumption of the item [23]. These infor-
mation, when they are available, increase the knowledge about the user’s
interest, especially for the active users. As a consequence the recommender
system will gain in accuracy.

Extending the information at our disposal, might lead to an improvement of
the accuracy of the recommender, or even to a recommendation of different
types of content (e.g., items for which the location is a determinant feature).

Integrate User and Item Profile

The user profile has not been considered in this dissertation, since we fo-
cused on the browsing log and on the referrer URL. However, collecting
the preferences of the user and integrating them with these implicit activ-
ities, significantly extends the overall information available regarding the
user. The recommender system presented in Chapter 7 based purely on the
ReferrerGraphs, reaches very good levels of accuracy only with implicit feed-
back, as summarized in Table 10.2, especially for certain types of referrers
(e.g., social network). It deals with the cold-start problem of newcomers,
but in the case of known users where the service provider has information
about their previous activity, it is possible to improve the news articles rec-
ommended by filtering the content that fits the known preferences of the
users.

Similarly, collecting the information about the items that we intend to rec-
ommend and integrate these profiles with the implicit data, will increase
the details of the information at our disposal, facilitating its understanding
and use. For example, in multimedia domains such as Flickr, the algorithms
presented (see Chapter 6) could be greatly enhanced by taking into account
more content features, such as EXIF data, comments, and visual features.
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Continuous-Time Models

In terms of modeling, the recommender systems proposed in Chapter 7 could
be extended using continuous-time models. We built the ReferrerGraphs at
hourly time intervals, where the recommendation at time slot t where done
using the ReferrerGraph of time t− 1. Even if we obtained a very good ac-
curacy that is summarized in Table 10.2, our approach cannot recommend
news articles that are published at the same time slot t. Extending our
approach for a real-time application will improve the precision of the recom-
mender for these items (e.g., news articles), since a continuous-time model
will not be limited by hourly time slot.
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Appendix A
Categorizations

In this appendix, we provide the complete lists of the categorizations used
in this thesis.

A.1. List of Flickr Browsing Dataset Source
Categories

Table A.1 shows the URL categories used to categorize URLs that do not
belong to Flickr in its browsing dataset.

A.2. List of Flickr Browsing Dataset Page Layouts

Table A.2 lists all page layouts of the Flickr browsing dataset. There is a
total of 96 layouts. The italicized parts of the URLs stand for the identi-
fiers: groupId for groups, userId for users, photoId for photos, and setId for
albums.
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166 categorizations

Category Examples of Content

Search search.yahoo.com, google.com

Social facebook.com, tumblr.com

Mail mail.yahoo.com, gmail.com

Aggregator reddit.com, stumbleupon.com

Blog blogspot.com, blogger.com

Photo flickrhivemind.net, compfight.com

Microblog twitter.com

Forum discussion forums

News news.yahoo.com, cnn.com

Shop ebay.com, amazon.com

Video youtube.com, vimeo.com

Geo maps.google.com, maps.yahoo.com

Wiki wikipedia.org, wikimedia.org

IP any IP address

Sport sports.yahoo.com

Autos autos.yahoo.com

Table A.1: 15 URL source categories in the Flickr dataset.
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Appendix B

Case Study Survey

In this appendix, we provide the surveys that we used for the evaluation of
the experiments conducted in Chapter 6.

Figure B.1: General information about the user, asked at the beginning of
the survey.
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Figure B.2: Questions asked after the user experience of both the recom-
mender systems.
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Figure B.3: Final set of questions asked at the end of the survey.
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