
Collective Attention on the
Web

Christian Bauckhage
University of Bonn

Fraunhofer IAIS
christian.bauckhage@iais.fraunhofer.de

Kristian Kersting
TU Dortmund University

kristian.kersting@cs.tu-dortmund.de

Boston — Delft

Full text available at: http://dx.doi.org/10.1561/1800000024



Foundations and Trends R© in Web Science

Published, sold and distributed by:
now Publishers Inc.
PO Box 1024
Hanover, MA 02339
United States
Tel. +1-781-985-4510
www.nowpublishers.com
sales@nowpublishers.com

Outside North America:
now Publishers Inc.
PO Box 179
2600 AD Delft
The Netherlands
Tel. +31-6-51115274

The preferred citation for this publication is

C. Bauckhage and K. Kersting. Collective Attention on the Web. Foundations and
TrendsR© in Web Science, vol. 5, no. 1-2, pp. 1–136, 2014.

This Foundations and TrendsR© issue was typeset in LATEX using a class file designed
by Neal Parikh. Printed on acid-free paper.

ISBN: 978-1-68083-205-1
c© 2016 C. Bauckhage and K. Kersting

All rights reserved. No part of this publication may be reproduced, stored in a retrieval
system, or transmitted in any form or by any means, mechanical, photocopying, recording
or otherwise, without prior written permission of the publishers.

Photocopying. In the USA: This journal is registered at the Copyright Clearance Cen-
ter, Inc., 222 Rosewood Drive, Danvers, MA 01923. Authorization to photocopy items for
internal or personal use, or the internal or personal use of specific clients, is granted by
now Publishers Inc for users registered with the Copyright Clearance Center (CCC). The
‘services’ for users can be found on the internet at: www.copyright.com

For those organizations that have been granted a photocopy license, a separate system
of payment has been arranged. Authorization does not extend to other kinds of copy-
ing, such as that for general distribution, for advertising or promotional purposes, for
creating new collective works, or for resale. In the rest of the world: Permission to pho-
tocopy must be obtained from the copyright owner. Please apply to now Publishers Inc.,
PO Box 1024, Hanover, MA 02339, USA; Tel. +1 781 871 0245; www.nowpublishers.com;
sales@nowpublishers.com

now Publishers Inc. has an exclusive license to publish this material worldwide. Permission
to use this content must be obtained from the copyright license holder. Please apply to
now Publishers, PO Box 179, 2600 AD Delft, The Netherlands, www.nowpublishers.com;
e-mail: sales@nowpublishers.com

Full text available at: http://dx.doi.org/10.1561/1800000024



Foundations and Trends R© in Web Science
Volume 5, Issue 1-2, 2014

Editorial Board

Editors-in-Chief

Wendy Hall
University of Southampton
United Kingdom
Noshir R. Contractor
Northwestern University
United States

Kieron O’Hara
University of Southampton
United Kingdom

Editors

Tim Berners-Lee
Massachusetts Institute of Technology
Noshir Contractor
Northwestern University
Lorrie Cranor
Carnegie Mellon University
Dieter Fensel
Digital Enterprise Research Institute
Carole Goble
University of Manchester
Pat Hayes
Florida Institute for Human
and Machine Cognition
James Hendler
Rensselaer Polytechnic Institute
Arun Iyengar
IBM Research

Craig Knoblock
University of Southern California
Ora Lassila
Nokia Research
Sun Maosong
Tsinghua University
Cathy Marshall
Microsoft Research
Peter Monge
University of Southern California
Ben Shneiderman
University of Maryland
Danny Weitzner
Massachusetts Institute of Technology
Yorick Wilks
Oxford Internet Institute

Full text available at: http://dx.doi.org/10.1561/1800000024



Editorial Scope

Topics

Foundations and Trends R© in Web Science publishes survey and tutorial
articles in the following topics:

• Agents and the semantic web

• Collective intelligence

• Content management

• Databases on the web

• Data mining

• Democracy and the web

• Dependability

• Economics of information and
the web

• E-crime

• E-government

• Emergent behaviour

• Ethics

• Hypertext/Hypermedia

• Identity

• Languages on the web

• Memories for life

• Mobile/Pervasive

• Network infrastructures

• Performance

• Privacy

• Scalability

• Security

• Semantic web

• Social networking

• Standards

• The law and the web

• The web as an educational tool

• The web in the developing
world

• Trust and provenance

• Universal usability

• User interfaces

• Virtual reality

• Web art

• Web governance

• Search

• Web services

Information for Librarians

Foundations and Trends R© in Web Science, 2014, Volume 5, 4 issues. ISSN
paper version 1555-077X. ISSN online version 1555-0788. Also available as a
combined paper and online subscription.

Full text available at: http://dx.doi.org/10.1561/1800000024



Foundations and TrendsR© in Web Science
Vol. 5, No. 1-2 (2014) 1–136
c© 2016 C. Bauckhage and K. Kersting
DOI: 10.1561/1800000024

Collective Attention on the Web

Christian Bauckhage
University of Bonn
Fraunhofer IAIS

christian.bauckhage@iais.fraunhofer.de

Kristian Kersting
TU Dortmund University

kristian.kersting@cs.tu-dortmund.de

Full text available at: http://dx.doi.org/10.1561/1800000024



Contents

1 Introduction 2

2 Technical Preliminaries 9
2.1 Search Frequency Data: A Proxy of Collective Attention . 9
2.2 Onset Detection . . . . . . . . . . . . . . . . . . . . . . . 12
2.3 Model Fitting . . . . . . . . . . . . . . . . . . . . . . . . 14
2.4 Goodness of Fit Testing . . . . . . . . . . . . . . . . . . . 17

3 Attention Dynamics and Growth Processes 18
3.1 Internet Memes . . . . . . . . . . . . . . . . . . . . . . . 18
3.2 Modeling the Dynamics of Fads . . . . . . . . . . . . . . . 20
3.3 Empirical Results . . . . . . . . . . . . . . . . . . . . . . 27
3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.5 Related Work and Summary . . . . . . . . . . . . . . . . 33

4 Attention Dynamics and Diffusion Processes 36
4.1 Social Media Services and Web-based Businesses . . . . . 36
4.2 Modeling the Diffusion of Innovation . . . . . . . . . . . . 37
4.3 Empirical Results . . . . . . . . . . . . . . . . . . . . . . 41
4.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.5 Related Work and Summary . . . . . . . . . . . . . . . . 58

ii

Full text available at: http://dx.doi.org/10.1561/1800000024



iii

5 Attention Dynamics and Network Spreading Processes 63
5.1 Spreading Processes in Networks . . . . . . . . . . . . . . 63
5.2 Modeling the Distribution of Distances in Networks . . . . 67
5.3 Empirical Results . . . . . . . . . . . . . . . . . . . . . . 72
5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 82
5.5 Related Work and Summary . . . . . . . . . . . . . . . . 83

6 Attention Dynamics and Epidemic Processes 86
6.1 Viral Videos . . . . . . . . . . . . . . . . . . . . . . . . . 86
6.2 Modeling Viral Process . . . . . . . . . . . . . . . . . . . 90
6.3 Empirical Results . . . . . . . . . . . . . . . . . . . . . . 95
6.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 104
6.5 Related Work and Summary . . . . . . . . . . . . . . . . 105

7 Conclusion 107

Acknowledgements 111

Appendices 112

A Proofs of Lemmas 3.1, 3.2, 3.3, and 3.4 113

B Proof of Proposition 5.1 115

C Proof of Proposition 6.1 124

References 128

Full text available at: http://dx.doi.org/10.1561/1800000024



Abstract

Understanding the dynamics of collective human attention has been
called a key scientific challenge for the information age. Tackling this
challenge, this monograph explores the dynamics of collective attention
related to Internet phenomena such as Internet memes, viral videos,
or social media platforms and Web-based businesses. To this end, we
analyze time series data that directly or indirectly represent how the
interest of large populations of Web users in content or services devel-
ops over time. Regardless of regional or cultural contexts, we generally
observe strong regularities in time series that reflect attention dynamics
and we discuss mathematical models that provide plausible explana-
tions as to what drives the apparently dominant dynamics of rapid
initial growth and prolonged decline.

C. Bauckhage and K. Kersting. Collective Attention on the Web. Foundations and
TrendsR© in Web Science, vol. 5, no. 1-2, pp. 1–136, 2014.
DOI: 10.1561/1800000024.
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1
Introduction

The Web has evolved to be many things: a network, a service, a means
of social interaction, a marketplace, a source of news, a repository of
knowledge, a database of multimedia content, and an integral part of
human activity. This raises the need to investigate how the Web will
further evolve as a social-, commercial-, and technical platform and has
given rise to the new discipline of Web science [Berners-Lee et al., 2006,
Hendler et al., 2008].

By its very nature, Web science is an interdisciplinary endeavor that
involves aspects of sociology, psychology, economics, computer science,
and data science and the content of this monograph illustrates this. We
will investigate an apparently widespread sociological or psychological
Web phenomenon from the point of view of data science. In particu-
lar, we will discuss how to harness data scientific methods in order to
develop an understanding of the dynamics of collective attention on
the Web. In fact, our motivation behind this monograph is perfectly
summarized by the following quote:

The subject of collective attention is central to an informa-
tion age where millions of people are inundated with daily
messages. . . . It is thus of interest to understand how atten-

2
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3

tion to novel items propagates and eventually fades among
large populations. [Wu and Huberman, 2007]

We first encountered the peculiar dynamics of collective attention
processes when we began studying Internet memes a couple of years
ago [Bauckhage, 2011].

The term Internet meme refers to the phenomenon of content that
spreads rapidly among Web users. It alludes to a theory by Dawkins
[1976] who postulated memes as a cultural analogon of biological genes
so as to explain how rumors, catch-phrases, melodies, or fashion trends
replicate through a population.

Correspondingly, Internet memes are catch phrases or humorous or
repugnant pictures or video clips that “go viral” on the Web. While the
phenomenon of viral content can be traced back to the early days of the
Web, it is because of the interactive and participatory nature of modern
social media such as content sharing platforms or social networking
sites that Internet memes have become a staple of contemporary Web
culture. They typically originate from platforms like 4chan, tumblr, or
youtube, gain notoriety via social news and entertainment sites such as
reddit, failblog, memegenerator, or quickmeme and then spread through
the social Web at large [Bauckhage, 2011, Coscia, 2013, Shifman, 2013].

Internet memes are dynamic media objects that evolve through com-
mentary or parody. Consider, for example, the “y u no” meme shown in
Figure 1.1. It first appeared on tumblr in 2010 and quickly found its way
to memegenerator from where it spread virally. In its basic form, the
meme consists of an image of a stick figure whose angry face was copied
from the Japanese anime series Gantz (Figure 1.1(a)). It typically con-
tains a text in short messaging style that poses mundane questions
as to modern life and culture (Figure 1.1(b)). Mutations include self-
referential variants that allude to meme culture (Figure 1.1(c)) as well
as versions that deviate from the original phenotype (Figure 1.1(d)).
Also, the meme occasionally occurs in media outside of the Internet
but is then reported back on the Web, for instance on social network-
ing sites (Figure 1.1(e)). Internet memes therefore transgress media
and cultural boundaries and can be characterized as inside jokes that
many people are in on.

Full text available at: http://dx.doi.org/10.1561/1800000024



4 Introduction

(a) the “y u no” guy (b) instances of the “y u no” meme

(c) the “y u no” meme with references to the Web site
memebase and to the “call me maybe” meme

(d) mutations of the “y u no” meme alluding to pop
cultural items such as an anime movie or a game franchise

(e) the “y u no” meme appearing on a birthday cake and
on the front page of a printed news paper

Figure 1.1: Example of an Internet meme. Instances of the “y u no” meme con-
sist of a simple image macro and a grammatically carefree piece of text that calls
to attention questions of everyday life and contemporary culture. The meme first
appeared on tumblr in 2010; as of this writing, querying the Google search engine
for “y u no” yields more than a million results.

Full text available at: http://dx.doi.org/10.1561/1800000024



5

2004
2005

2006
2007

2008
2009

2010
2011

2012
2013

20

60

100

o rly fmylife call me maybe

(a) positively skewed, narrow peaks,
rather long tails

2004
2005

2006
2007

2008
2009

2010
2011

2012
2013

20

60

100

llama song has cheezburger y u no

(b) positively skewed, broad peaks,
rather short tails

Figure 1.2: Prototypical examples of meme related time series retrieved from
Google Trends. While details are chaotic, there appear to be common, general trends
as to how collective interest in individual Internet memes grows and declines.

In addition to their content dynamics, Internet memes also show
characteristic properties regarding their life cycles. While some were
observed to go in and out of popularity in just a matter of weeks, others
attract collective attention for extended periods of time. This is exem-
plified in Figure 1.2 which shows meme related time series retrieved
from Google Trends. The graphs indicate how worldwide interest in in-
dividual memes (measured in terms of relative search frequencies) grew
and declined over time. Although the short term dynamics of these
time series appear chaotic, there are characteristic general trends: after
a point of onset, public interest in a meme grows rapidly but once a
meme has reached peak popularity, interest begins to fade more or less
quickly.

Interestingly, attention dynamics like these are not exclusive to the
phenomenon of Internet memes. Among others, we also observed them
to manifest in

• Web search frequency data related to buzz words from the area
of information technology [Bauckhage et al., 2013a]

• Web search frequency data related to social media services or
e-commerce websites [Bauckhage et al., 2014]

• time series of view counts of popular youtube videos [Bauckhage
et al., 2015a]
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Figure 1.3: Examples of probability density functions (pdfs) whose shapes resem-
ble those of the empirical time series in Figure 1.2.

• time series indicating daily playing times people spent on online
games [Bauckhage et al., 2012]

• time series reflecting the buying behaviors of players of freemium
games [Sifa et al., 2015].

Taken together, all these observations suggest that the dynamics
of collective attention on the Web seem to be governed by common
latent principles or processes. The obvious question therefore is, if data
collected from the Web will allow us to identify or at least to reliably
characterize the nature of these hidden, i.e. not directly observable,
processes.

Seen from the point of view of data science, answering this question
seems but a mere exercise in model fitting. Indeed, there are well estab-
lished scientific tools for time series analysis and it should be easy to fit
more or less flexible mathematical models such as shown in Figure 1.3.

However, the crucial point we are trying to bring forward in this
monograph is that the problem we are dealing with is first and fore-
most a problem of model selection rather than a problem of mere model
fitting.
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To clarify this claim, we note that, when properly parametrized,
the examples of various probability distributions shown in Figure 1.3
all seem to be able to account for the general behavior of the time
series in Figure 1.2. In other words, it will generally be no problem
whatsoever to devise more or less sophisticated mathematical functions
that capture the attention dynamics we are interested in. The real
problem is whether every such model makes sense, or, to paraphrase
once more, whether every such model is plausibly interpretable in terms
of physical processes.

Note that by using the term physical, we do not necessarily refer to
mechanisms studied in physics but express the fact that a convincing
mathematical model of Web phenomena should not just fit observed
data but should also allow for explaining them in terms of concepts
that are grounded in the real world. In our context, this is to say that
any model of the dynamics of collective attention on the Web should
only be deemed appropriate if it can be tied in with psychological or
social phenomena.

Alas, much of the literature on data analytics for Web science is
agnostic of this reasonable requirement; rather, the focus often seems
to be on the aspect of goodness of fit than on the aspect of plausibility.
This has previously been noted by Lazer et al. [2014] who vehemently
criticized the lack of interpretability and the “big data hubris” of purely
data driven approaches to Web data analytics for their potential of
over-fitting and misleading results.

Given these preliminaries, we can summarize our contributions in
this monograph as follows: We are interested in the temporal dynamics
of collective attention on the Web and our object of study are discrete
time series such as in Figure 1.2 which reflect how the interest of large
populations of Web users in a topic evolves over longer periods of time.
We analyze data like these using mainly statistical tools, however, our
methodology follows a model driven rather than a data driven paradigm
and therefore adheres to the criticism brought forth by Lazer et al.
[2014].

To be more specific, we explore to what extent collective attention
dynamics on the Web can be understood in terms of

Full text available at: http://dx.doi.org/10.1561/1800000024



8 Introduction

• growth processes that are known from the study of fads in fields
like sociology or cultural studies

• diffusion processes that are studied by economists trying to un-
derstand the diffusion of innovations or goods

• spreading processes that are known to occur in (social) networks
and are frequently studied in physics

• epidemic processes that characterize viral outbreaks and are of
major interest in medicine and mathematical epidemiology.

This is to say that we will propose and investigate different models
that can account for the noticeably skewed nature of attention related
time series such as in Figure 1.2. Admittedly, this will be a mathemat-
ical endeavor but in order not to lose our focus on the topic of col-
lective attention on the Web, we defer more technical material to the
appendix. Nevertheless, we very much encourage our mathematically
inclined readers to work through the appendix so as to fully appreciate
the depth of the approaches we consider.
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