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PERSPECTIVES
biogeographic patterns. Their study, too, is
centered on a large database, but in this case it
is entirely of living organisms, the marine
bivalves. Over 28,000 records of bivalve genera and subgenera from 322 locations around
the world have now been compiled by these
authors, giving a global record of some 854
genera and subgenera and 5132 species. No
fossils are included in the database, but
because bivalves have a good fossil record, it is
possible to estimate accurately the age of origin of almost all extant genera. It is then possible to plot a backward survivorship curve (8)
for each of the 27 global bivalve provinces (9).
On the basis of these curves, Krug et al. find
that origination rates of marine bivalves in-

creased significantly almost everywhere immediately after the K-Pg mass extinction event.
The highest K-Pg origination rates all occurred
in tropical and warm-temperate regions. A distinct pulse of bivalve diversification in the early
Cenozoic was concentrated mainly in tropical
and subtropical regions (see the figure).
The steepest part of the global backward
survivorship curve for bivalves lies between 65
and 50 million years ago, pointing to a major
biodiversification event in the Paleogene (65 to
23 million years ago) that is perhaps not yet
captured in Alroy et al.’s database (5, 7). The
jury is still out on what may have caused this
event. But we should not lose sight of the fact
that the steep rise to prominence of many mod-
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ern floral and faunal groups in the Cenozoic
may bear no simple relationship to climate or
any other type of environmental change (10, 11).
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A field is emerging that leverages the
capacity to collect and analyze data at a
scale that may reveal patterns of individual
and group behaviors.
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ment agencies such as the U.S. National Security Agency. Computational social science could
become the exclusive domain of private companies and government agencies. Alternatively,
there might emerge a privileged set of academic researchers presiding over private data
from which they produce papers that cannot be
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e live life in the network. We check
our e-mails regularly, make mobile
phone calls from almost any location, swipe transit cards to use public transportation, and make purchases with credit
cards. Our movements in public places may be
captured by video cameras, and our medical
records stored as digital files. We may post blog
entries accessible to anyone, or maintain friendships through online social networks. Each of
these transactions leaves digital traces that can
be compiled into comprehensive pictures of
both individual and group behavior, with the
potential to transform our understanding of our
lives, organizations, and societies.
The capacity to collect and analyze massive
amounts of data has transformed such fields as
biology and physics. But the emergence of a
data-driven “computational social science” has
been much slower. Leading journals in economics, sociology, and political science show
little evidence of this field. But computational
social science is occurring—in Internet companies such as Google and Yahoo, and in govern-

THE EUROPEAN
PHYSICAL JOURNAL

Manifesto of computational social science
critiqued or replicated. Neither scenario will
serve the long-term public interest of accumulating, verifying, and disseminating knowledge.
What value might a computational social
science—based in an open academic environment—offer society, by enhancing understanding of individuals and collectives? What are the
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Abstract. The increasing integration of technology into our lives has
created unprecedented volumes of data on society’s everyday behaviour. Such data opens up exciting new opportunities to work towards a
quantitative understanding of our complex social systems, within the
realms of a new discipline known as Computational Social Science.
Against a background of ﬁnancial crises, riots and international epidemics, the urgent need for a greater comprehension of the complexity
of our interconnected global society and an ability to apply such insights in policy decisions is clear. This manifesto outlines the objectives
of this new scientiﬁc direction, considering the challenges involved in
it, and the extensive impact on science, technology and society that
the success of this endeavour is likely to bring about.

1Harvard

Data from the blogosphere. Shown is a link structure within a community of political blogs (from 2004),
where red nodes indicate conservative blogs, and blue liberal. Orange links go from liberal to conservative,
and purple ones from conservative to liberal. The size of each blog reflects the number of other blogs that
link to it. [Reproduced from (8) with permission from the Association for Computing Machinery]
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1 Objectives and opportunities

What is CSS

In a world of demographic explosion, global crises, ethnic and religious disturbances
and increasing crime the understanding of the structure and function of society, as
well as the nature of its changes, is crucial for governance and for the well being of
people. Humanity is currently facing grand challenges. Setting aside environmental
issues and the depletion of natural resources, we have to cope with formidable social
and political problems:

Collection and analysis of data on a large scale applied to social science
investigations.
a
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Complexity
Most direct and influential contribution to CSS comes from the
science of complexity (rooted in mathematics) its application to
social networks by physicists such as Watts and Strogatz (1998)
and Barabási and Albert (1999).
What is a complex system

‘a system in which large networks of
components with no central control and simple
rules of operation give rise to complex collective
behaviour, sophisticated information
processing, and adaptation via learning or
evolution’.
(Mitchell, 2009, p. 13)
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Complex systems
Ant colony

Source: Wikimedia

Brain

Economy

Source: Wikimedia

Source: Wikimedia

and Society, seen as rule-based interaction among individuals

Source: Wikimedia
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Modelling

Rules

Models

Simulations

Simulation is the crucial epistemological approach of the science
of complexity (and is also what helped attract most of the
criticism of complexity science, which was accused of being
‘fact-free’).
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Simulation

Rebellion model in NetLogo (Wilensky, 1999, 2004).

(If video doesn’t

play click here)
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To understand and predict

We live life in the network. We check our e-mails regularly, make mobile phone calls
from almost any location, swipe transit cards to use public transportation, and make
purchases with credit cards. [...] Each of these transactions leaves digital traces that
can be compiled into comprehensive pictures of both individual and group behavior,
with the potential to transform our understanding of our lives, organizations, and
societies. (Lazer et al., 2009)

Theories grow slowly, impeded by entrenched assumptions and lack of data. The
large-scale, founding constructs that should drive our understanding of society are
debated and misunderstood. [...] Information and communication technologies can
greatly enhance the possibility to uncover the laws of the society. [...] On the one
hand, computational social science is aimed to favour and take advantage of massive
ICT data. On the other, it is a model-based science yielding both predictive and
explanatory models. (Conte et al., 2012)
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Domain and methods
The natural domain of the computational social sciences
extends over all those human behaviours, activities and
dynamics, that generate digital data or that more generally can
be described by data that is machine-readable and granular.
Among the methods of CSS (Cioffi-Revilla, 2010):
Automated information extraction (including Natural
Language Processing (NLP))
Social network analysis
Geospatial analysis (through the use of geographic
information systems)
Complexity modeling
Social simulations models (including agent-based
modelling)
francesco.bailo@sydney.edu.au
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A new kind of data
What’s different with big data?
A definition of Big Data
‘The phrase “big data” refers to data that challenge existing methods due to
size, complexity, or rate of availability’. (National Science Foundation, 2014)

size and rate of availability are easier to overcome.
complexity is more problematic: if traditional data are
bidimensional (a value for each pair
variable/observation); big data can be
multidimensional and not easily projected in a
bidimensional format.
francesco.bailo@sydney.edu.au
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A tweet in raw format
{

" c r e a t e d _ a t " : " Tue Feb 14 1 8 : 2 2 : 0 6 +0000 2 0 1 7 " ,
" id " : 8 3 1 5 6 9 2 1 9 2 9 6 8 8 2 6 8 8 ,
" i d _ s t r " : "831569219296882688" ,
" t e x t " : " This i s a t e s t o f t h e t w e e t i n g system \ud83d\u
" s o u r c e " : "\ u003ca h r e f =\" h t t p :\/\/ t w i t t e r . com\" r e l =\
" truncated " : false ,
" i n _ r e p l y _ t o _ s t a t u s _ i d " : null ,
" i n _ r e p l y _ t o _ s t a t u s _ i d _ s t r " : null ,
" in_reply_to_user_id " : null ,
" i n _ r e p l y_ t o _ u s e r_ i d _ s t r " : null ,
" in_reply_to_screen_name " : null ,
" user " : {
" id " : 3 0 0 1 9 6 9 3 5 7 ,
" id_str " : "3001969357" ,
" name " : " Jordan B r i n k s " ,
" screen_name " : " furiouscamper " ,
" l o c a t i o n " : " Boulder , CO" ,
" u r l " : " h t t p :\/\/ i n d i g o f i d d l e . com " ,
" d e s c r i p t i o n " : " A l t e r Ego − T w i t t e r PE " ,
" translator_type " : " regular " ,
" derived " : {
" locations " : [{
" country " : " United S t a t e s " ,
" country_code " : "US " ,
" l o c a l i t y " : " Boulder " ,
" r e g i o n " : " Colorado " ,
" sub_region " : " Boulder County "
" full_name " : " Boulder , Colorado
" geo " : {
" coordinates " : [ −105.2
" type " : " p o i n t "
francesco.bailo@sydney.edu.au
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An online newspaper article in raw format

<div id =" main" >
<div c l a s s ="spanAB wrap c l o s i n g " >
<div id ="abColumn " c l a s s ="abColumn"><!−− open abColumn −−>
<div id =" a r t i c l e " >
<!−− cur : prev:−−>
<div c l a s s =" columnGroup f i r s t " >
<h1 itemprop =" h e a d l i n e "
c l a s s =" a r t i c l e H e a d l i n e "><NYT_HEADLINE
v e r s i o n = " 1 . 0 " type =" " >Gov . Connally Shot ; Mrs . Kennedy S a f e
P r e s i d e n t I s S t r u c k Down by a R i f l e Shot From B u i l d i n g on Moto
<h6 c l a s s =" b y l i n e " >
<span itemprop =" author c r e a t o r " itemscope itemtype =" h t t p :// sche
<span itemprop ="name" >By TOM WICKER
S p e c i a l t o The New York Times</span>
</span>
</h6>
</NYT_BYLINE>
<h6 c l a s s =" d a t e l i n e " > Published : November 2 3 , 1963
</h6>
<div c l a s s =" s h a r e T o o l s shareToolsThe meClassic a r t i c l e S h a r e T o o l s
data −s h a r e s =" facebook , t w i t t e r , google , save , email , showal
data − t i t l e ="Gov . Connally Shot ; Mrs . Kennedy S a f e
P r e s i d e n t I s S t r u c k Down by a R i f l e Shot From B u i l d i n g on Moto
data −u r l =" h t t p ://www. nytimes . com/1963/11/23/gov−c o n n a l l
data −d e s c r i p t i o n ="Kennedy a s s a s s i n a t e d , Connally wound
<meta name=" emailThisHash " c o n t e n t ="NOhV3N/BTjprcWVPdo9pLQ" >

francesco.bailo@sydney.edu.au
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Three types of data
It is possible to identify at least three types of human-generated
digital data:
Expressive data are consciously produced by users with the primary
intention of being consumed in their format by other users.
E.g.: posts, comments, pictures, videos, likes.
Transactional data are not produced by users to be consumed by other users
but are rather traces left behind (consciously or not) as a
consequence of some action (Manovich, 2012). E.g.: logs of
phone calls, web searches, public transport trips.
Relational data are similar to transactional data but they allow inference of
relation or networks. They might be articulated networks (e.g.
address books, friend lists) or behavioural network (e.g.
retweet, emails, phone calls) (boyd & Crawford, 2012).

francesco.bailo@sydney.edu.au
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Thin data, thick data

Expressive data
Relationall data
Transactional data

+
Meaning

francesco.bailo@sydney.edu.au
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Thin data, thick data

Expressive data
Relationall data
Transactional data

Meaning

+
Meaning
Email
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Sources used in my PhD thesis

source
beppegrillo.it
beppegrillo.it
beppegrillo.it/
listeciviche/forum
facebook.com
facebook.com
facebook.com
meetup.com
meetup.com
meetup.com
change.com

collection
web scraping
web scraping
web scraping
API requests
API requests
API requests
API requests
API requests
API requests
API requests
API requests

and

data
posts
comments
comments

transactional
ts
ts
ts

posts
comments
likes
groups
members
events
signatures

ts
ts
ts
ts, geo
ts, geo
ts, geo
ts

relational

expressive
top, sem

net

top, sem
top, sem

ts: timeseries analysis; net: network analysis; top: topic analysis; sem: semantic analysis; geo: geographic analysis.

francesco.bailo@sydney.edu.au
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Objectivity, interpretation and aggregation

Limits of the objectivity assumptions:
Researcher always interprets data (no matter the size)
Data need to be cleaned and prepared for the analysis

How representative are observations in terms of the
population of interest? (e.g. twitter-sphere opinion for
public opinion)
Are data complete and valid? (Missing data because of
errors, deletions or privacy settings)
Meaning for users of their behavioural networks (e.g.
Facebook friends = personal friends)

francesco.bailo@sydney.edu.au
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Ethical consideration

Ownership Who owns the data? The platform or the user?
Public/Private Should a post be considered as public as a
parliamentary speech?
Aggregation Is it legitimate to aggregate and relate bits of
personal information?

francesco.bailo@sydney.edu.au
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Ethical consideration
Online Privacy as a Collective Phenomenon
Emre Sarigol
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ABSTRACT

Categories and Subject Descriptors

The problem of online privacy is often reduced to individual
decisions to hide or reveal personal information in online social networks (OSNs). However, with the increasing use of
OSNs, it becomes more important to understand the role of
the social network in disclosing personal information that a
user has not revealed voluntarily: How much of our private
information do our friends disclose about us, and how much
of our privacy is lost simply because of online social interaction? Without strong technical effort, an OSN may be
able to exploit the assortativity of human private features,
this way constructing shadow profiles with information that
users chose not to share. Furthermore, because many users
share their phone and email contact lists, this allows an OSN
to create full shadow profiles for people who do not even have
an account for this OSN.
We empirically test the feasibility of constructing shadow
profiles of sexual orientation for users and non-users, using
data from more than 3 Million accounts of a single OSN.
We quantify a lower bound for the predictive power derived
from the social network of a user, to demonstrate how the
predictability of sexual orientation increases with the size
of this network and the tendency to share personal information. This allows us to define a privacy leak factor that links
individual privacy loss with the decision of other individuals to disclose information. Our statistical analysis reveals
that some individuals are at a higher risk of privacy loss,
as prediction accuracy increases for users with a larger and
more homogeneous first- and second-order neighborhood of
their social network. While we do not provide evidence that
shadow profiles exist at all, our results show that disclosing of private information is not restricted to an individual
choice, but becomes a collective decision that has implications for policy and privacy regulation.

H.1.2 [Information Systems]: Models and principles—
User/machine Systems

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citafrancesco.bailo@sydney.edu.au
tion on the first page. Copyrights for components of this work owned by others than

General Terms
Data mining, Privacy, Social Systems

Keywords
Privacy; Shadow Profiles; Prediction

1. INTRODUCTION
Our society is increasingly grounded on information and
communication technologies, in which protecting one’s privacy might not be an individual choice [12]. In online social
networks (OSNs), the characteristics of each user is determined primarily by its connections, rather than by its intrinsic properties. Hence, from an individual’s perspective,
isolation is often not a desirable option [42]. To that end,
the issue of protecting one’s privacy within the OSN relates
largely to the community the individual is embedded in, and
how it is handled, if at all, by the community at large.
Although the existence of mass surveillance and the imminent threats it poses are known by many, studies in a number
of fields show that people do little to protect their privacy
against surveillance [42]. In an OSN, users are often incentivised to share personal data, e.g. by offering some sort of
benefit or personalization as a service (e.g. recommender
systems). But incentives also arise from social influences,
e.g. from social surveillance of peers to receive attention
and to reinforce existing relationships [33]. When an OSN
provider has access to the contacts of users, it gains stronger
predictive power. Together with the content willingly produced by users, there are ways to extract probabilistic profiles of other users, even about persons who did not have an
account in the given OSN [9].
On the aggregated level, this leads to an imbalance between the knowledge that a single user has about the OSN
provider and the knowledge that the provider has, or is able
to deduce, about individual users and even about persons
that are not users. There is no way of knowing how the
information provided by an everyday user to the OSN can
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Network analysis

francesco.bailo@sydney.edu.au

22/38

@FrBailo

Social network analysis
A definition of SNA
‘Social network analysis is neither a theory nor a methodology. Rather, it is a
perspective or a paradigm. It takes as its starting point the premise that social
life is created primarily and most importantly by relations and the patterns
they form. Unlike a theory, social network analysis provides a way of looking
at a problem, but it does not predict what we will see.’ (Marin & Wellman,
2011, p. 22)

Social network analysis is motivated by a structural intuition based on
ties linking social actors,
It is grounded in systematic empirical data,
It draws heavily on graphic imagery, and
It relies on the use of mathematical and/or computational models.
(Freeman, 2004, p. 3)
francesco.bailo@sydney.edu.au
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Network as a minimal representation of relations
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Toolbox for network analysis

Network measures
global (network level) measures size (either number of
nodes or edges), diameter
local (node/edge level) measures degree, centrality,
clustering coefficient

Network substructures
components, communities

Network formation
random graphs

francesco.bailo@sydney.edu.au
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Quantitative text analysis
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Bag of words
A Large majority of methods for quantitative text analysis (and
almost the totality of those applied by social researchers)
consider words (or more precisely tokens) as the unit of analysis
but disregard their position within the sentence.
These methods are based on the so-called bag of words model:
1

Ordering of words is ignored;

2

Words are considered as tokens (so MINUTE in Wait a
minute is different word than in Take the minute but same
token);

3

Only the number of instances of each token in each
document is recorded.

francesco.bailo@sydney.edu.au
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Term frequency
doc1 = "drugs hospitals doctors"
doc2 = "smog pollution environment"
doc3 = "doctors hospitals healthcare"
doc4 = "pollution environment water"

doctor
drug
environ
healthcare
hospitals
pollution
smog
water

doc1
1
1
0
0
1
0
0
0

doc2
0
0
1
0
0
1
1
0

doc3
1
0
0
1
1
0
0
0

doc4
0
0
1
0
0
1
0
1

Term frequency of the four documents
francesco.bailo@sydney.edu.au
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Topic analysis

The number of methods for topic analysis is an extremely large and growing
an break necking speed (huge economic incentive, just think about how many
words you type every day!).
In general, the goal of any topic analysis is to cluster (or groups) document
together in a way that is meaningful (for humans not for computers).
They can either be
Supervised A human intervenes somewhere in the process (e.g. coding
part of the corpus)
Unsupervised No human intervention

francesco.bailo@sydney.edu.au
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Topic analysis: example
Let’s do a topic analysis on the previous documents, setting the
number of topics to find to 2.
doctor
drug
environ
healthcare
hospitals
pollution
smog
water

doc1
1
1
0
0
1
0
0
0

doc2
0
0
1
0
0
1
1
0

doc3
1
0
0
1
1
0
0
0

doc4
0
0
1
0
0
1
0
1

Most representative token for
Topic 1 hospitals
Topic 2 pollution
francesco.bailo@sydney.edu.au
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An application of network analysis

francesco.bailo@sydney.edu.au

31/38

@FrBailo

An application of network analysis
INFORMATION, COMMUNICATION & SOCIETY, 2016
http://dx.doi.org/10.1080/1369118X.2016.1252410

Hybrid social and news media protest events: from
#MarchinMarch to #BusttheBudget in Australia*
Francesco Bailo and Ariadne Vromen
Department of Government and International Relations, University of Sydney, Sydney, Australia
ABSTRACT

ARTICLE HISTORY

Public protest events are now both social media and news media
events. They are deeply entangled, with news media actors – such
as journalists or news organisations – directly participating in the
protest by tweeting about the event using the protest hashtag;
and social media actors sharing news items published online by
professional news agencies. Protesters have always deployed
tactics to engage the media and use news media agencies’
resources to amplify their reach, with the dual aim of mobilising
new supporters and adding their voice to public, mediatised
debate. When protest moves between a physical space and a
virtual space, the interactions between protesters and media stop
being asynchronous or post hoc and turn instantaneous. In this
new media-protest ecosystem, traditional media are still relevant
sources of information and legitimacy, yet this dynamic is
increasingly underpinned by a hybrid interdependency between
traditional news and social media sources. In this paper we focus
on an anti-austerity government movement that arose in Australia
in early 2014 and was mobilised as a series of social media driven,
connective action protest events. We show that there is a
complex symbiotic interdependency between the movement and
the traditional media for recognition and amplification of initial
protest events, but that over time as media interest wanes, the
movements’ network becomes disconnected and momentum is
lost. This suggests that the active role traditional media play in
protest events is being underestimated in the current research
agenda on connective action.
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Data from Twitter API
202,237 tweets published by 26,819 unique users in the six 48-hour
windows centred on the rallies.
25 million Twitter friends of users’ active publishing tweets during the
events.
227 Twitter accounts of news organisations or journalists.
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News media accounts in the friendship networks

Twitter mutual friendship networks of a free-lance journalist (left) and a
regular user (right)
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What does happen to the number of clusters if we
remove news media accounts?
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Mean news node value / mean node value

Network centrality of news media accounts
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Mean values of network centrality for news media accounts compared to the
mean value for all accounts.
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