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Outline

• A web based digital platform for 
social scientists conducting 
empirical studies in the fields of 
Media Studies, Science and 
Technology Studies, Digital 
Humanities, etc. 

• CorText is an open online 
service for heterogeneous data 
analysis, modeling 
and visualization 

• open registration:                       
http://managerv2.cortext.net
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Multi-level perspective

Dynamique des mots Structure locale

Réseau ego-centré 
« child »

Profils 
d’évolution des 
quelques termes 

Analyse textuelle

label forms
abundance abundance

acres acres|&|acre

aliens aliens|&|alien

armed forces armed forces|&|armed force|&|force of arms|&|arms and force

business men business men|&|business man|&|men of business|&|man of business|&|businessman|
&|businessmen

children children|&|child

commerce and navigation commerce and navigation|&|navigation and commerce|&|navigation or commerce

crews crews|&|crew

crime crime|&|crimes

crisis crisis|&|crises

crops crops|&|crop

cruisers cruisers|&|cruiser

democracy democracy|&|democracies

diplomatic relations diplomatic relations

farm products farm products|&|products of the farm|&|products of farm

great importance great importance|&|greater importance|&|greatest importance

health care costs health care costs|&|cost of health care|&|health care cost

income tax income tax|&|tax the income|&|tax on the income

peace and freedom peace and freedom|&|freedom and peace|&|peace with freedom

property rights property rights|&|property right|&|rights of property|&|right of property|&|rights and 
property

Extraction 
terminologique

ECHELLE MICRO

Relationships TextsDynamics



Diagramme alluvial 
de l’évolution des 
thématiques

Dynamique des grandes thématiques Structure thématique

Foreign Policy

Domestic Affairs

Civil war

liberal-bureaucratic 
State 

Military 
Infrastructure

Statecraft

Naval Issues

Political Economy

Industry & Production
Domestic 
Economy

Naturalization & 
Citizenship

Police & 
Crime

Public 
lands & 
Settlers

Carte sémantique

Foreign Policy

Discours de 
Georges 
Washington

Documents

ECHELLE MESO

Multi-level perspective

Relationships TextsDynamics



Dynamique des discours Structure macro des grands thèmes

Variations inter-
annuelles

Articulation entre les 
grandes tâches de la 

gouvernance

TexteCorpus

Arbre de texte

• Political economy — “Treasury”, “expenditure”, 

“appropriations”, “value” 

• Public lands & Settlers — “land”, “settlers”, 

“acres”, ”forest” 

• Industry & Production — “factory”, “business”, 

“farm”, “agriculture” 

• Domestic/economy— “school”, “doctors”, 

“productivity”, “economy” 

• Foreign policy — “war”, “free nation”, “force”, 

“peace” 

• Police & Crime — “criminal”, “law inforcement”  

• Statecraft — “state”, “power”, "frontier”, “treaty 

of commerce” 

• Naval issues — “navy”, “sea”, “coast”, “officers”, 

“vessels” 

• Naturalization & Citizenship — “naturalization”, 

 "aliens"

ECHELLE MACRO

Multi-level perspective

Relationships TextsDynamics



Textual Corpus Processing

Textual 
corpus TEXTUAL CONTENT CODING 

Other (statistical 
analysis), 
actantial, 

sentiments, etc.)

Textual 
Extraction : 

NER, terms, etc.
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Clusters of documents

B

E

A

D

C

H

G

F

Semantic Clusters 
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Geometric Distances

Topological Distances

Supervised 
——

Existing 
dictionnaries

Unsupervised 
—— 
NLP, 

Statistics
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Contrastive Measures

Indexed Documents

Indexed Corpus



• Network as traces of 
local heterogeneous 
dynamics 

• Reconstruction of 
network dynamics  

• Landscape modeling of 
socio-semantic system

Network

Streams

Landscape?

From traces to landscapes



dna
synthetic

life

Landscape and its actors (t=1)

From traces to landscapes



dna
synthetic

life

Landscape and its actors (t=2)

From traces to landscapes



dna syntheticlife

Landscape and its actors (t=3)

From traces to landscapes
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time
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time

A(ttra)ctors 
dynamics
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3

Streams reconstruct 
socio-semantics 

dynamics

From traces to landscapes



Heterogeneous cooccurrences

• Generalized co-
occurrences analysis 
framework mixing 
people, terms, countries, 
etc...  

C1 

C2 

C4 

C3 

C5 



Understanding proximity metrics 

FISPPA Department - Padova- 2 -3 May 2017 



It’s all about context

“ Seule la proposition a un sens ; ce n’est que lié dans une 
proposition que le nom a une signification ” 

“ A word is characterized by the company it keeps ” 
Firth, John R. "A synopsis of linguistic theory, 1930-1955." 
Studies in linguistic analysis (1957) - 11.

Wittgenstein,”Tractatus logico-philosophicus” 1921,  prop 3.3



• Raw cooccurrence 
measure 

Marmiton recipes

Metrics



Heterogeneity curse

• Raw cooccurrence 
measure 



• Cramer 

Marmiton recipes

Metrics



• Distributional Measure

Marmiton recipes

Metrics



Metrics

To summarize

cartographie hetérogène de réseau 81

coocurrences brutes (Q = 0.2) indice d’inclusion (Q = 0.38) coefficient de Jaccard (Q = 0.56)

c2 (Q = 0.70) IM (Q = 0.69) (LLR) (Q = 0.67)

cosine (Q = 0.52) s
dIM (Q = 0.75) s

dLLR (Q = 0.73)

Figure 2.7: Les 9 réseaux liant les 200 in-
grédients de recette de cuisine les plus
fréquents en utilisant différentes mesures
de similarité à nombre de lien fixe, les co-
efficients de modularité Q sont indiqués
entre parenthèses.

Jaccard est tel que les ingrédients les plus utilisés ne peuvent être fortement
connectés à des ingrédients plus rares, leur cooccurrence au numérateur étant
bornée par le plus rare d’entre eux mais leur dénominateur étant au moins de
l’ordre de l’ingrédient le plus répandu. Sans donner lieu à un réseau étoilé
comme pour l’indice d’inclusion où les ingrédients les plus fréquents attirent
la majorité des liens, les mesures ensemblistes (Jaccard, Dice), parce que leur
normalisation ne prend pas en compte la variabilité (potentiellement très forte)
de la taille des éléments, imposent des contraintes très fortes sur les liens
qui hypothèquent les chances de faire émerger des structures sémantiques
réellement pertinentes.

La deuxième ligne du tableau rassemble le coefficient d’association spéci-
fique 29 et des mesures plus récentes qui s’appuient sur des modèles statis- 29. On peut remarquer que ce coefficient

est une mesure d’information mutuelle
au logarithme près



KeyCooccurrences matrices

Cooccurrences matrices construction

Occurrence matrix O : Oij = 1 iff item i

is used in document j, 0 otherwise

The cooccurrence matrix enumerates

every joint appearences of two items

in the same document. C = O
t
O

C1 

C2 

C4 

C3 

t = 3

C5 

A B C D

C1 1

C2 1 1

C3 1 1

C4 1 1

C5 1

documents

items



Cooccurrences matrices

Cooccurrences matrices construction

Occurrence matrix O : Oij = 1 iff item i

is used in document j, 0 otherwise

The cooccurrence matrix enumerates

every joint appearences of two items

in the same document. C = O
t
O

C1 

C2 

C4 

C3 

t = 3

C5 

C1 C2 C3 C4 C5

C1 1 1 1

C2 1 1 2

C3 2 1

C4 1 2 2

C5 1 1

C1 C2 C3 C4 C5

C1 x 1 1

C2 1 x 1 2

C3 x 1

C4 1 2 x

C5 1 x



Proximity Measures

Cooccurrences variables

Co-Occurrence matrix C :

Cij = number of joint

occurrences of i and j in the

same document

total number of cooccurences

of i : si =
X

j,j 6=i

cij

global number of

co-occurences : N =
P

i
si

expected number of

coccurrences : eij =
si sj

N

Cooccurrences matrices

Cooccurrences matrices construction

Occurrence matrix O : Oij = 1 iff item i
is used in document j, 0 otherwise

The cooccurrence matrix enumerates
every joint appearences of two items
in the same document. C = O tO

C1 

C2 

C4 

C3 

t = 3

C5 

C1 C2 C3 C4 C5

C1 1 1 1

C2 1 1 2

C3 2 1

C4 1 2 2

C5 1 1

C1 C2 C3 C4 C5

C1 1 1

C2 1 1 2

C3 1

C4 1 2

C5 1



C1 C2 C3 C4 C5

C1 1 1

C2 1 1 2

C3 1

C4 1 2

C5 1

Proximity Measures

Cooccurrences variables

Co-Occurrence matrix C :

Cij = number of joint

occurrences of i and j in the

same document

total number of cooccurences

of i : si =
X

j,j 6=i

cij

global number of

co-occurences : N =
P

i
si

expected number of

coccurrences : eij =
si sj

N

C1 C2 C3 C4 C5

C1 1 1

C2 1 1 2

C3 1

C4 1 2

C5 1
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Cooccurrences variables

Co-Occurrence matrix C :

Cij = number of joint
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Proximity Measures

Cooccurrences variables

Co-Occurrence matrix C :

Cij = number of joint

occurrences of i and j in the

same document

total number of cooccurences

of i : si =
X

j,j 6=i

cij

global number of

co-occurences : N =
P

i
si

expected number of

coccurrences : eij =
si sj

N

Direct Measures of Similarity :

Raw cooccurrences : SR(i , j) = cij

Association strength : SA(i , j) =
cij

si sj

Mutual Information : SMI(i , j) = log(
cij

eij
)

Cosine : SC(i , j) =
cijp
si sj

Inclusion index : SI(i , j) =
cij

min(si ,sj )

Jaccard index : SJ(i , j) =
cij

si+sj�cij

�2
score : S�2(i , j) =

cij�eijp
eij

Cramer index : Scramer(i , j) =
cij�eij

eij



Proximity Measures

Cooccurrences variables

Co-Occurrence matrix C :

Cij = number of joint

occurrences of i and j in the

same document

total number of cooccurences

of i : si =
X

j,j 6=i

cij

global number of

co-occurences : N =
P

i
si

expected number of

coccurrences : eij =
sisj

N

Indirect Measures of Similarity :

Cosine (distributional) :

SCd(i , j) =

P
k 6=i,j cik cjk

qP
k 6=i,j c2

ik

P
k 6=i,j c2

jk

Mutual Information (distributional) :

SMId =

X

k 6=i,j;MIik>0

min(MIik ,MIjk )

X

k 6=i,j;MIik>0

MIik



Metrics Summary

30 cartographie des traces textuelles

coocurrences brutes (Q = 0.2) indice d’inclusion (Q = 0.38) coefficient de Jaccard (Q = 0.56)

c2 (Q = 0.70) IM (Q = 0.69) (LLR) (Q = 0.67)

cosine (Q = 0.52) s
dIM (Q = 0.75) s

dLLR (Q = 0.73)

réellement pertinentes.

La deuxième ligne du tableau rassemble le coefficient d’association spéci-
fique 31 et des mesures plus récentes qui s’appuient sur des modèles statis-31. On peut remarquer que ce coefficient

est une mesure d’information mutuelle
au logarithme près

tiques plus rigoureux tels le test de c2 ou le test de rapport de vraisemblance.
Dans la carte centrale, qui représente le réseau de similarité calculé à partir
du coefficient d’association spécifique (ou l’information mutuelle à nouveau,
ils donnent les mêmes réseaux, au poids de liens près), le nombre de co-
occurrences est normalisé par le produit des fréquences de cooccurrrences
respectives des termes, résultant en une distribution des liens sur la carte qui
ne dépend plus de la fréquence respective des ingrédients comme précédem-
ment. Bien que quelque peu confuse (le cluster vert foncé au centre n’est pas
très bien délimité par exemple), une structure modulaire apparaît bien, qui

Co-word

Direct (syntagmatic)

Indirect (paradigmatic)



Metrics Summary
proximity measures type of network normalisation special properties

raw
interaction network (e.g. 

social network)  no -

χ² all yes normalization tend to create links 
toward higher degree nodes 

MI all yes Inspired from information theory

Cramer all yes -

cosine homogeneous network 
(eg. semantic) yes Classical measure (originating 

from scientometrics)

distributional homogeneous network 
(eg. semantic) yes very robust measure (coming from 

computational linguistics)

cosine_het
affiliation network 

(eg. users sharing the 
same hashtags )

yes two fields are required but the final 
network is homogeneous

dot_product_het
affiliation network 

(eg. users sharing the 
same hashtags )

no two fields are required but the final 
network is homogeneous



Affiliation network example

•parameters:  
–Field1: Users 
–Field 2: Hashtags 
– cosine_het 

proximity measure 

•Two Users are linked 
when the hashtags they 
use have a large overlap 



Filtering

• No filtering

Marmiton recipes

50 nodes, Raw cooccurences



Filtering

• filtering on edge 
strength values: 10 cooc 
at least

Marmiton recipes

50 nodes, Raw cooccurences



Filtering

• filtering on the number 
of edges: 20 Top edges

Marmiton recipes

50 nodes, Raw cooccurences



Filtering

• Auto-threshold (the 
edge strength threshold 
is automatically inferred 
from graph topology 

Marmiton recipes

50 nodes, Raw cooccurences



Filtering

• Local Filtering: 5 top 
neighbours

Marmiton recipes

50 nodes, Raw cooccurences



Recipes…

500 nodes, Distributional measure, automatic threshold

dijon mustard

chinese

green pepper

ground cardamom

milk

chopped celery

peanut

onion powder

cayenne pepper

pancetta

vegetable broth

mozzarella cheese

melted butter

self rising flour

light soy sauce

yeast

garlic salt

marinara sauce

peaches

tortillas

asparagus

jalapeno chilies

red chili powder

prosciutto

sweet potatoes

saffron threads

hot red pepper flakes

vanilla pork

penne pasta

thai chile

chopped cilantro

chopped fresh thyme

spaghetti

fresh mint

sausage

white wine

chickpeas

chopped spinach

part-skim mozzarella cheese

chili powder

mussels

kalamata

peanut oil

green bell pepper

vinegar

long grain white rice

active dry yeast

cooked chicken

chili sauce

shredded lettuce

cinnamon

tomato paste

spices

dark brown sugar

guacamole

fresh oregano

garlic powder

stewed tomatoes

lime

sake

paste

pears

coriander powder

yoghurt

dried rosemary

butternut squash

lean ground beef

chocolate

cannellini beans

monterey

taco seasoning mix

granulated sugar

salad

fresh spinach

canola oil

ground nutmeg

chopped fresh chives

pork tenderloin

fresh coriander

dry sherry

fish sauce

low sodium soy sauce

onions

lamb

mexican cheese blend

large shrimp

green olives

fresh rosemary

unsalted butter

cardamom

black pepper

taco

salsa

cabbage

frozen peas

light

hot pepper sauce

mango

diced tomatoes

fresh parmesan cheese

light brown sugar

reduced sodium chicken broth

flat leaf parsley

andouille sausage

unsweetened coconut milk

plain yogurt

long-grain rice

avocado

chopped green bell pepper

golden raisins

boneless

low salt chicken broth

pesto

fresh parsley

coffee

red bell pepper

pecans

flour

garlic paste

fennel bulb

powdered sugar

half

pure vanilla

ketchup

coriander

chopped onion

potatoes

sliced mushrooms

tortilla chips

sliced almonds

parmesan cheese

dry white wine

cooking spray

chipotle chile

lemongrass

pinto beans

condensed milk

ground black peppergaram masala

heavy cream

salt and ground

creole

linguine

cloves

walnuts

tumeric

anchovy fillets

tomato juice

lemon zest

shaoxing wine

lasagna noodles

cheese

slivered almonds

cold water

large egg yolks

ginger

minced ginger

cherry tomatoes

green onions

large garlic cloves

ground beef

ground cumin

egg noodles

syrup

whole milk

ground cloves

fresh dill

drain

lime wedges

thyme sprigs

thai

frozen corn

ground coriander

coconut

yellow bell pepperstar anise
dried basil

cooking oil

carrots

peppercorns

fresh ginger

juice

pastry

dried parsley

roma tomatoes

mint

bread flour

mix

artichoke hearts

cilantro sprigs

pinenuts

zucchini

flank steak

eggs

dried thyme

chile powder

sriracha

red chili peppers

cashew nuts

heavy whipping cream

salt

ground ginger

bell pepper

worcestershire sauce

sesame oil

kidney beans

queso fresco

chicken

kale

red potato

sugar

celery

bacon slices

fresh orange juice

goat cheese

dry red wine

red wine

cheddar cheese

crushed tomatoes

shredded monterey jack cheese

greens

fresh thyme

cumin

bay

semisweet chocolate

nutmeg

bread crumbs

sour cream

unsweetened cocoa powder

powder

noodles

white vinegar

dried oreganocauliflower

lemon wedge

white wine vinegar

feta cheese

provolone cheese

mustard seeds

orange juice

dry bread crumbs

fennel seeds

dark sesame oil

cake flour

extra-virgin olive oil

eggplant

peanut butter

olive oil

bay leaf

cooked rice

large eggs

arugula

corn kernels

purple onion

white pepper

olives

parmigiano reggiano cheese

shiitake

yellow corn

buttermilk

basil

hoisin sauce

cream cheese

fresh cilantro

black beans

hot water

egg yolks

fresh basil

beansprouts

broccoli florets

hot sauce

basmati rice

chopped pecans

pasta sauce

celery ribs

sodium chicken broth

oyster sauce

rice vinegar

serrano chile

ground white pepper

shredded mozzarella cheese

baking powder

thai basil

rice noodles

ground cinnamon

vegetable

vanilla beans

tomatoes

oil

ricotta cheese

cucumber

tuna

napa cabbage

broccoli

butter

snow peas

whole kernel corn

red pepper

enchilada sauce

fresh mushrooms

bananas

margarine

apple

cilantro

cayenne

rice wine

ghee

low-fat milk

tabasco pepper sauce

cottage cheese

chives

black-eyed peas

plum tomatoes
grape tomatoes

white sugar

refried beans

romaine lettuce

coriander seeds

red wine vinegar

green chilies

mirin

spring onions

baking potatoes

black peppercorns

italian

chipotles in adobo

almonds

pitted kalamata olives

cinnamon sticks

tomato purée lentils

okra

baking soda

ground pork

arborio rice

corn tortillas

corn

balsamic vinegar

peas

purpose unbleached flour

pasta

ground pepper

corn starch

ribs

shrimp

rice flour

seeds

beans

chile pepper

green chile

ground turmeric

ground allspice

tofu

mushrooms

brown sugar

warm water

roasted peanuts

shells

sun-dried tomatoes

whole wheat flour

all-purpose flour

sweet onion

white onion

raisins

sherry

strawberries

fresh lime juice

baby spinachskinless chicken breast halves

tomatillos

shredded sharp cheddar cheese

boneless chicken skinless thigh

fat milk

paprika

flour tortillas

black olives

egg whites

bourbon whiskey

fresh lemon juice

cream

garlic cloves

chopped tomatoes

ground turkey

firm tofu

saffron

chinese five-spice powder

tomato sauce

whipping cream

lime juice

water chestnuts

herbs

brandy

capers

scallions

dark soy sauce

shredded cheddar cheese

radishes

large egg whites

fresh ginger root

chopped fresh mint

confectioners sugar

soy sauce

sesame seeds

desserts
asiatique

méditérannéen

indien

Amérique
Latine épicé

cajun



Synthetic Biology Emergence

-FISPPA Department - Padova- 2 -3 May 2017 



Collaboration Network Dynamics

• Unstabilized field at the 
crossroads between different 
disciplinary origins 

• Exponential growth of 
publications with a very high 
rate of newcomers 

• Although a central 
community is emerging



Collaboration Network Dynamics

• Unstabilized field at the 
crossroads between different 
disciplinary origins 

• Exponential growth of 
publications with a very high 
rate of newcomers 

• Although a central 
community is emerging

«percolation threshold» above which the giant connected 
component collapse in disconnected subgraphs
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Received citations distributions

• Selection: only the 100 most 
cited references are selected

Scientific references co-citation map



• Selection: only the 100 most 
cited references are selected  

• Network: They are then 
connected according to the 
relative frequency of their co-
occurrences and spatialized 

Scientific references co-citation map



• Selection: only the 100 most 
cited references are selected  

• Network: They are then 
connected according to the 
relative frequency of their co-
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• Selection: only the 100 most 
cited references are selected  

• Network: They are then 
connected according to the 
relative frequency of their co-
occurrences and spatialized 

• Clustering: Automatic 
detection of cohesive 
subgroups of references 

• Interpretation: intellectual 
schools, major actors 

Design/Programatic Discourse

Applications

Minimal Cell/Sequence

Synthetic Genome

Mammalian Cell

Stochasticity/Cellular Noise

Control

Scientific references co-citation map
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• Selection: only the 100 most 
cited references are selected  

• Network: They are then 
connected according to the 
relative frequency of their co-
occurrences and spatialized 

• Clustering: Automatic 
detection of cohesive 
subgroups of references 

• Interpretation: intellectual 
schools, major actors 

• Dynamics:  

 -> Time Evolution of the  
number of publications 
belonging to each school 

Design/Programatic Discourse

Applications

Minimal Cell/Sequence

Synthetic Genome

Mammalian Cell

Stochasticity/Cellular Noise

Control
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• Selection: only the 100 most 
cited references are selected  

• Network: They are then 
connected according to the 
relative frequency of their co-
occurrences and spatialized 

• Clustering: Automatic 
detection of cohesive 
subgroups of references 

• Interpretation: intellectual 
schools, major actors 

• Dynamics:  

 -> Time Evolution of the  
number of publications 
belonging to each school 

 -> radar representation

1980
1985

1990
1995
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• Generalized co-occurrences analysis 
framework mixing people, terms, 
countries, etc...  

• Clustering techniques are being used 
to circulate from micro to macro 
levels - clusters are made of possibly 
heterogeneous nodes associated in a 
singular manner. 

C1 

C2 
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C5 

Socio-semantic network and related clusters

Community Detection Algorithms



Community Detection Algorithms
• Modularity optimization 

(algorithmic definition)

Santa Fe Collaboration Network

Girvan, M., & Newman, M. E. J. (2002). Community 
structure in social and biological networks. Proceedings 

of the National Academy of Sciences of the United 
States of America, 99, 7821–7826.
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Agent-based

Mathematical

Statistical Physics

Ecology

Models

Structure of RNA

FIG. 6: The largest component of the Santa Fe Institute col-
laboration network, with the primary divisions detected by
our algorithm represented by different vertex shapes.

divisions detected. We find that the algorithm splits the
network into a few strong communities, with the divisions
running principally along disciplinary lines. The com-
munity at the top of the figure (diamonds) is the least
well defined, and represents a group of scientists using
agent-based models to study problems in economics and
traffic flow. The algorithm further divides this group
into smaller components that correspond roughly with
the split between economics and traffic. The next com-
munity (circles) represents a group of scientists working
on mathematical models in ecology, and forms a fairly
cohesive structure, as evidenced by the fact that the al-
gorithm does not break it into smaller components to any
significant extent. The largest community (represented
by the squares) is a group working primarily in statisti-
cal physics, and is sub-divided into several well-defined
smaller groups which are denoted by the various shad-
ings. In this case, each sub-community seems to revolve
around the research interests of one dominant member.
The final community at the bottom of the figure (tri-
angles) is a group working primarily on the structure
of RNA. It too can be divided further into smaller sub-
communities, centered once again around the interests of
leading members.

Our algorithm thus seems to find two types of commu-
nities: scientists grouped together by similarity either of
research topic or of methodology. It is not surprising to
see communities built around research topics; we expect
scientists to collaborate primarily with others with whom
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FIG. 7: Hierarchical tree for the Chesapeake Bay food web
described in the text.

their research focus is closely aligned. The formation of
communities around methodologies is more interesting,
and may be the mark of truly interdisciplinary work.
For example, the grouping of those working on economics
with those working on traffic models may seem surpris-
ing, until one realizes that the technical approaches these
scientists have taken are quite similar. As a result of
these kinds of similarities, the network contains ties be-
tween researchers from traditionally disparate fields. We
conjecture that this feature may be peculiar to interdis-
ciplinary centers like the Santa Fe Institute.

B. Food web

We have also applied our algorithm to a food web of
marine organisms living in the Chesapeake Bay, a large
estuary on the east coast of the United States. This
network was originally compiled by Baird and Ulanow-
icz [26] and contains 33 vertices representing the ecosys-
tem’s most prominent taxa. Most taxa are represented
at the species or genus level, although some vertices rep-
resent groups of related species. Edges between taxa in-
dicate trophic relationships—one taxon feeding on an-
other. Although relationships of this kind are inherently
directed, we here ignore direction and consider the net-
work to be undirected.

Applying our algorithm to this network, we find
two well-defined communities of roughly equal size,
plus a small number of vertices that belong to neither
community—see Fig. 7. As the figure shows, the split
between the two large communities corresponds quite
closely with the division between pelagic organisms (ones
that dwell principally near the surface or in the middle
depths of the bay) and benthic organisms (ones that dwell

from the global properties of the complete network. For example, topically related web
pages in the World Wide Web are typically interlinked, so that the contents of pages in
distinct community groups should reveal distinct themes. Thus, identification of com-
munity groups within a network is a first step towards understanding the heterogeneous
substructures of the network.
To identify communities, we take as our starting point the modularity, introduced

by Newman and Girvan [14]. Modularity makes intuitive notions of community groups
precise by comparing network edges to those of a null model. As noted by Newman
[29]:

A good division of a network into communities is not merely one in which
there are few edges between communities; it is one in which there are fewer
than expected edges between communities.

Definition 1 The modularity Q is—up to a normalization constant—the number of edges
within communities c minus those for a null model:

Q≡
1
2 |E|!c !i, j∈c

(

Ai j−Pi j
)

. (7)

Along with eq. (7), it is necessary to provide a null model, defining Pi j. The standard
choice for the null model constrains the degree distribution for the vertices to match the
degree distribution in the actual network. Random graph models of this sort are obtained
[30] by putting an edge between vertices i and j at random, with the constraint that on
average the degree of any vertex i is di. This constrains the expected adjacency matrix
such that

di = E

(

!
j
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)

. (8)

Denote E
(
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)

by Pi j and assume further that P factorizes into

Pi j = pip j , (9)

leading to

Pi j ≡
did j
2 |E|

. (10)

A consequence of the null model choice is that Q= 0 when all vertices are in the same
community.
The goal now is to find a division of the vertices into communities such that the mod-

ularity Q is maximal. An exhaustive search for a decomposition is out of the question:
even for moderately large graphs there are far too many ways to decompose them into
communities. Fast approximate algorithms do exist (see, for example, Refs. [31, 32]).

Finding Communities with BRIM

Specific classes of networks have additional constraints that can be reflected in the
null model. For bipartite graphs, the null model should be modified to reproduce the
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Figure 2: The link-weight as a function of time for a connection in the phone-call network. If a weight
threshold of w∗ = 1 is introduced, the link is absent outside the shaded intervals.

if they share k − 1 nodes. The k-clique percolation clusters can be best visualised with the help of k-
clique templates, that are objects isomorphic to a complete graph of k vertices. As shown in Fig.3., such
a template can be placed onto any k-clique in the graph, and rolled to an adjacent k-clique by relocating
one of its vertices and keeping its other k − 1 vertices fixed. Thus, the k-clique percolation clusters
(k-clique communities) of a graph are all those subgraphs that can be fully explored by rolling a k-clique
template in them but cannot be left by this template.
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Figure 3: Illustration of k-clique template rolling for k = 4. a) In the first step, the template is placed
on the k-clique ABCD. b) In the next step it is “rolled” to BCDE. c) Finally, the template reaches
BDEF .

When applied to weighted networks, the CPM method has two parameters: the k-clique size k, and
a weight threshold w∗ (links weaker than w∗ are ignored). By increasing k or w∗, the communities start
to shrink and fall apart, but at the same time they become also more cohesive. In the opposite case, at
low k there is a critical w∗, under which a giant community appears in the system that smears out the
details of the community structure by merging (and making invisible) many smaller communities. The
criterion used to fix these parameters is based on finding a community structure as highly structured as
possible: at the highest k value for which a giant community may emerge, the w∗ is decreased just below
the critical point. The actual values of these parameters in our studies were k = 3, w∗ = 0.1 in case of
the co-authorship network, and k = 4, w∗ = 1.0 in case of the phone-call network.

The main advantages of the CPM are that its community definition is not too restrictive, it is local,
it is based on the density of the links and it allows overlaps between the communities: a node can be
part of several k-clique percolation clusters at the same time. The significance of community overlaps
can be seen in e.g., Fig.1b in the main text, showing the local community structure in the vicinity of a

4
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Uncovering the overlapping community structure of
complex networks in nature and society
Gergely Palla1,2, Imre Derényi2, Illés Farkas1 & Tamás Vicsek1,2

Many complex systems in nature and society can be described in
terms of networks capturing the intricate web of connections
among the units they are made of1–4. A key question is how to
interpret the global organization of such networks as the co-
existence of their structural subunits (communities) associated
with more highly interconnected parts. Identifying these a priori
unknown building blocks (such as functionally related proteins5,6,
industrial sectors7 and groups of people8,9) is crucial to the
understanding of the structural and functional properties of
networks. The existing deterministic methods used for large net-
works find separated communities, whereas most of the actual
networks are made of highly overlapping cohesive groups of
nodes. Here we introduce an approach to analysing the main
statistical features of the interwoven sets of overlapping commu-
nities that makes a step towards uncovering the modular structure
of complex systems. After defining a set of new characteristic
quantities for the statistics of communities, we apply an efficient
technique for exploring overlapping communities on a large scale.
We find that overlaps are significant, and the distributions we
introduce reveal universal features of networks. Our studies of
collaboration, word-association and protein interaction graphs
show that the web of communities has non-trivial correlations and
specific scaling properties.
Most real networks typically contain parts in which the nodes

(units) are more highly connected to each other than to the rest of
the network. The sets of such nodes are usually called clusters,
communities, cohesive groups or modules8,10,11–13; they have no
widely accepted, unique definition. In spite of this ambiguity,
the presence of communities in networks is a signature of the
hierarchical nature of complex systems5,14. The existing methods
for finding communities in large networks are useful if the commu-
nity structure is such that it can be interpreted in terms of separated
sets of communities (see Fig. 1b and refs 10, 15, 16–18). However,
most real networks are characterized by well-defined statistics of
overlapping and nested communities. This can be illustrated by the
numerous communities that each of us belongs to, including those
related to our scientific activities or personal life (school, hobby,
family) and so on, as shown in Fig. 1a. Furthermore, members of our
communities have their own communities, resulting in an extremely
complicated web of the communities themselves. This has long been
understood by sociologists19 but has never been studied system-
atically for large networks. Another, biological, example is that a
large fraction of proteins belong to several protein complexes
simultaneously20.
In general, each node iof a network can be characterized by a

membership number mi, which is the number of communities that
the node belongs to. In turn, any two communities a and b can share
sova;b nodes, which we define as the overlap size between these
communities. Naturally, the communities also constitute a network,

with the overlaps being their links. The number of such links of
community a can be called its community degree, dcoma : Finally, the
size scoma of any community a can most naturally be defined as the
number of its nodes. To characterize the community structure of a
large network we introduce the distributions of these four basic
quantities. In particular we focus on their cumulative distribution

LETTERS

Figure 1 | Illustration of the concept of overlapping communities. a, The
black dot in the middle represents either of the authors of this paper, with
several of his communities around. Zooming in on the scientific community
demonstrates the nested and overlapping structure of the communities, and
depicting the cascades of communities starting from some members
exemplifies the interwoven structure of the network of communities.
b, Divisive and agglomerative methods grossly fail to identify the
communities when overlaps are significant. c, An example of overlapping
k-clique communities at k ¼ 4. The yellow community overlaps the blue one
in a single node, whereas it shares two nodes and a link with the green one.
These overlapping regions are emphasized in red. Notice that any k-clique
(complete subgraph of size k) can be reached only from the k-cliques of the
same community through a series of adjacent k-cliques. Two k-cliques are
adjacent if they share k 2 1 nodes.

1Biological Physics Research Group of the Hungarian Academy of Sciences, Pázmány P. stny. 1A, H-1117 Budapest, Hungary. 2Department of Biological Physics, Eötvös University,
Pázmány P. stny. 1A, H-1117 Budapest, Hungary.
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Rolling 4-clique

Clique percolation communities
Palla, G., Derenyi, I., Farkas, I. J., & Vicsek, T. A. (2005). 
Uncovering the overlapping community structure of 

complex networks in nature and society. Nature, 435

• Modularity optimization 
(algorithmic definition) 

• Clique Percolation (algebraic 
definition) 

Community Detection Algorithms



Map based on PACS code of APS publications ex: Herrera, Mark, David C. Roberts, and Natali 
Gulbahce. Mapping the evolution of scientific fields. PloS 

one 5.5 (2010): e10355.

• Modularity optimization 
(algorithmic definition) 

• Clique Percolation (algebraic 
definition) 

Community Detection Algorithms



Rosvall, M., & Bergstrom, C. T. (2008). Maps of random 
walks on complex networks reveal community structure. 
Proceedings of the National Academy of Sciences of the 

United States of America, 105(4), 1118.
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Fig. 1. Detecting communities by compressing the description of information flows on networks. (A) We want to describe the trajectory of a random walk on
the network such that important structures have unique names. The orange line shows one sample trajectory. (B) A basic approach is to give a unique name to
every node in the network. The Huffman code illustrated here is an efficient way to do so. The 314 bits shown under the network describe the sample trajectory
in A, starting with 1111100 for the first node on the walk in the upper left corner, 1100 for the second node, etc., and ending with 00011 for the last node on
the walk in the lower right corner. (C) A two-level description of the random walk, in which major clusters receive unique names, but the names of nodes within
clusters are reused, yields on average a 32% shorter description for this network. The codes naming the modules and the codes used to indicate an exit from
each module are shown to the left and the right of the arrows under the network, respectively. Using this code, we can describe the walk in A by the 243 bits
shown under the network in C. The first three bits 111 indicate that the walk begins in the red module, the code 0000 specifies the first node on the walk, etc.
(D) Reporting only the module names, and not the locations within the modules, provides an efficient coarse graining of the network.
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compressing probability flow description

• Modularity optimization 
(algorithmic definition) 

• Clique Percolation (algebraic 
definition) 

• Maps of Random walks 
(information theoretic approach)

Community Detection Algorithms
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Mapping Networks

Gephi demo

• Force-directed graph 
drawing



Mapping Networks

Van Eck, N.J., & Waltman, L. (2010) “Software 
survey: VOSviewer, a computer program for 

bibliometric mapping”, Scientometrics, Vol 84, 
No. 2, pp. 523–538.

• Force-directed graph 
drawing 

• Multidimensional 
Scaling and related 
techniques



Mapping Networks

Van Eck, N.J., & Waltman, L. (2010) 
“Software survey: VOSviewer, a computer 
program for bibliometric mapping”, 
Scientometrics, Vol 84, No. 2, pp. 523–538.

• Force-directed graph 
drawing 

• Multidimensional 
Scaling and related 
techniques

Skupin, A., Biberstine, J. R., & Börner, K. 
(2013). Visualizing the Topical Structure of 
the Medical Sciences: A Self-Organizing 
Map Approach. PLoS ONE, 8(3), e58779. 
doi:10.1371/journal.pone.0058779.s001



From Communities to Network Mapping

Cognitive landscape - 
Synthetic Biology Publications

• Force-directed graph 
drawing 

• Multidimensional 
Scaling and related 
techniques 

• Actors, (here terms) are 
spatialized according to 
the position of their   
communities
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Co-Word Map        
synthetic biology publications

• Force-directed graph 
drawing 

• Multidimensional 
Scaling and related 
techniques 

• Actors, (here terms) are 
spatialized according to 
the position of their   
communities



Textual Analysis 

RISIS formation - Paris oct 2015 



Textual Analysis

• grammatical criterion, candidate 
terms are usually limited noun 
phrases,


• termhood, terms should be domain 
specific to carry substantial 
information 


«Indexing is an intervention between the text and the co-word analysis, and the validity of the map will depend, to a certain extent, 
on the nature of the indexing. Yet since indexers try to capture what it is about a text that is interesting, they partially reproduce 
the readings that the texts are given within the field itself’. Thus, despite the fact that indexing is not entirely reliable, validity is 
never totally absent.» 

Callon, M.; Law, J.; & Rip, A. (Eds.). (1986a). Mapping the dynamics ofscience and technology: Sociology ok Science in the 
real world. London: The Macmillan Press 1,td.

dna

synthetic

life

genemutation

bio-
informatics

artificial

what it is about a text that is interesting?



We believed we could reduce our dependence on foreign oil 

and protect our planet.  And today, America is number one in 

oil and gas.
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We believed we could reduce our dependence on foreign oil 

and protect our planet.  And today, America is number one in 

oil and gas.

PRP   VBD       PRP   MD        VB      PRP          NN            IN     JJ       NN 

CC       VB      PRP    NN.       CC       NN          NNP  VBZ    NN        CD IN 

NN   CC  NN

Part-Of-Speech Tagging

Textual Analysis



We believed we could reduce our dependence on foreign oil 

and protect our planet.  And today, America is number one in 

oil and gas.

PRP   VBD       PRP   MD        VB      PRP          NN            IN     JJ       NN 

CC       VB      PRP    NN.       CC       NN          NNP  VBZ    NN        CD IN 

NN   CC  NN

Extracted noun phrases:
• dependence
• planet
• oil
• gas 
• foreign oil
• dependence on foreign oil
• oil and gas

Chunking
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We believed we could reduce our dependence on foreign oil 

and protect our planet.  And today, America is number one in 

oil and gas.

PRP   VBD       PRP   MD        VB      PRP          NN            IN     JJ       NN 

CC       VB      PRP    NN.       CC       NN          NNP  VBZ    NN        CD IN 

NN   CC  NN

Extracted classes:
• dependence on foreign oil: {dependence on foreign oil ; foreign oil dependence}
• oil and gas: {oil and gas; gas and oil}
• planet: {planet, planets}
• etc.

Stemming, Filetering and Standardizing

Textual Analysis



Textual Analysis

Termhood

• Candidate terms should be thematically specific ; terms not specific to a 
specific thematic subfield have neutral meaning given the whole domain and 
should be excluded


• Two possible strategies to assess how pertinent a term may be:


• A term which local frequency in documents it occurs in is high is likely to 
be informative: gf.idf, pigeonhole score


• A term which distribution is slanted toward certain type of documents or 
sub-vocabularies is likely to be pertinent: LLR, χ²
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life

genemutation

bio-
informatics
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NLP analysis outcome 

label forms

abundance abundance

acres acres|&|acre

aliens aliens|&|alien

alliances alliances|&|alliance

allies allies|&|ally

American life American life|&|American lives

armed forces armed forces|&|armed force|&|force of arms|&|arms and force

boundary line boundary line|&|line of boundary

business men business men|&|business man|&|men of business|&|man of business

children children|&|child

commerce and 
navigation commerce and navigation|&|navigation and commerce|&|navigation or commerce

construction work construction work|&|construction of works|&|work of construction|&|works construction|
&|construction of these works|&|work in construction

crews crews|&|crew

crime crime|&|crimes

crisis crisis|&|crises

crops crops|&|crop

cruisers cruisers|&|cruiser

democracy democracy|&|democracies

diplomatic 
relations diplomatic relations

expenses of the 
Government

expenses of the Government|&|Government expenses|&|Government expense|&|
expenses of Government|&|expense of the Government

farm products farm products|&|products of the farm|&|products of farm

great importance great importance|&|greater importance|&|greatest importance

health care costs health care costs|&|cost of health care|&|health care cost

income tax income tax|&|tax the income|&|tax on the income

peace and 
freedom peace and freedom|&|freedom and peace|&|peace with freedom

property rights property rights|&|property right|&|rights of property|&|right of property|&|rights and 
property



Semantic Map 

Four steps process: 

1. Similarity Network based on 

terms coocurrences  

2. Filter Edges to obtain the 

sparsest connected network   

3. Community detection  identifies 

cohesive thematic areas 

4. Mapping allows to visually 

investigate the inner structure of 

those clusters, as well as their 

relationships



9 Topics: 
• Statecraft — “state”, “power”, “law”, “rights”, 

“act”, “purpose” 

• Naval issues — “navy”, “sea”, “coast”, 
“officers”, “service” 

• Foreign policy — “war”, “people”, “nations”, 

“force”, “peace” 
• Domestic/economy— “Need”, “work”, 

“economy”, “years”, “policy” 
• Industry — “system”, “trade”, “corporations,” 

“business”, “labor”  
• Political economy — “Treasury”, “amount”, 

“appropriations”, “value” 

• Public lands & Settlers — “land”, “settlers”, 
“acres” 

• Naturalization & Citizenship — 
“naturalization”,  "aliens" 

• Police & Crime — “criminal”, “law 
inforcement”

Semantic Map 

Statecraft

Naval Issues

Political Economy

Industry & Production
Domestic 
Economy

Naturalization & 
Citizenship

Police & 
Crime

Public 
lands & 
Settlers Foreign Policy
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Semantic Map 

Political Economy
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Semantic Map 

Domestic/
Economy
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• Statecraft — “state”, “power”, “law”, “rights”, 

“act”, “purpose” 

• Naval issues — “navy”, “sea”, “coast”, 
“officers”, “service” 
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“force”, “peace” 
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Categories in Time 

Statecraft

Naval Issues

Political Economy

Industry & Production
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Economy

Naturalization & 
Citizenship

Police & 
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Public 
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Settlers

Foreign Policy



From heterogeneous structure to 
dynamics

RISIS formation - Paris oct 2015 



Translational Research Triangle 

GEP Co-cited Journal Map 
in collaboration with Alberto Cambrosio

• corpus: « Gene 
expression profile &  
cancer » scientific 
publications 



Translational Research Triangle 
biologie végétale

bioinformatique
biostatistique

biochimie
physiologie

biologie moléculaire
endocrinologie

toxicologie

neurosciences

immunologie

 cancers du sang

oncologie/
cancers solides

GEP Co-cited Journal Map 

• laboratory research - 
vegetal model organism 

• clinical research - central 
role played by application 
to solid cancer  

• instrumental research -
bioinformatics and 
biostatistics as necessary 
tools

in collaboration with Alberto Cambrosio



Translational Research Triangle 
biologie végétale

bioinformatique
biostatistique

biochimie
physiologie

biologie moléculaire
endocrinologie

toxicologie

neurosciences

immunologie

 cancers du sang

oncologie/
cancers solides

GEP Co-cited Journal Map 

• laboratory research - 
vegetal model organism 

• clinical research - central 
role played by application 
to solid cancer  

• instrumental research -
bioinformatics and 
biostatistics as necessary 
tools

in collaboration with Alberto Cambrosio



Mixing dimensions of analysis

video.lefigaro.fr

video.liberation.fr

desencyclopedie.wikia.com

rue89strasbourg.com

transports.blog.lemonde.fr

jibjab.com

play.google.com

lemonde.frlemde.fr

assemblee-nationale.fr

grooveshark.com

covoiturage.fr

parti-socialiste.fr

demotivateur.fr

franceinter.fr

lentreprise.lexpress.fr

radio-canada.ca

upworthy.com

education.gouv.fr

humanite.fr

jactiv.ouest-france.fr

charliehebdo.fr
rmc.fr

livestream.com

amiando.com

rtl.be/info

dropbox.com

hypotheses.org

lesinrocks.com

tuniscope.com

lexpress.fr

meltybuzz.fr

ledevoir.com

nature.com

phdcomics.com

mobile.lemonde.fr

mondediplo.net

fr.sports.yahoo.com

businessnews.com.tn

rue89.com

telerama.fr

terrafemina.com

acrimed.org

bvoltaire.fr

dailymotion.com/video

directmatin.fr

pcinpact.com

fnacspectacles.com

rollingstone.com

jeuxactu.com

spiegel.de

viadeo.com

etudiant.lefigaro.fr

tetu.com

theatlantic.com

monde-diplomatique.fr

hitek.fr

01net.com

coursera.org

guardian.co.uk/commentisfree

forbes.com

ragemag.fr

rslnmag.frfeedproxy.google.com

lapetition.be

leplus.nouvelobs.com

dailymail.co.uk

francetvinfo.fr

sosconso.blog.lemonde.fr

decodeurs.blog.lemonde.fr

m.20minutes.fr

vimeo.com

soundcloud.com

lapresse.ca

independent.co.uk/news

vidberg.blog.lemonde.fr

lavenir.net

petitions24.net

tuxboard.com

mesopinions.com

lejournaldusiecle.com

elysee.blog.lemonde.fr

republicain-lorrain.fr

ndf.fr

reporterre.net

shemsfm.net

liberation.fr

sante.lefigaro.fr

newsring.fr

slate.com

allocine.fr

groupon.fr

brain-magazine.com

linkedin.com

ouest-france.fr

jepic.org

allout.org

strategies.fr

rue89.com/rue89-planete

scribd.com

smbc-comics.com

appspot.com

bouletcorp.com

nawaat.org

fressoz.blog.lemonde.fr

france2.fr

dhnet.be

fm

lecercle.lesechos.fr

imdb.com

yagg.com

wikimedia.org

avaaz.org

causes.com

guardian.co.uk/world

snd.sc

lcp.fr
eurobuzz.org

parismatch.com

wikipedia.org

cloudfront.net

kisskissbankbank.com

instagr.am

onforb.es

ebay.fr

slate.fr

programme-tv.net

visual.ly

zapiks.fr

disq.us

isabellebontridder.be

rtbf.be

klaire.fr

causeur.fr

elysee.fr

ted.com

pacte2012.fr

guardian.co.uk

capital.fr

theuselessweb.com

houhouhaha.fr

gizmodo.com

tvanouvelles.ca

placeaupeuple2012.fr

estrepublicain.fr

alternatives.blog.lemonde.fr

leparisien.fr/laparisienne

sudouest.fr

behance.net

latribune.fr

dai.ly

cracked.com

warnerbros.fr

eddenya.com

maitre-eolas.fr

etenfaitalafin.fr

lepoint.fr

marianne.net

actualitte.com

amazon.com

slideshare.net

premiere.fr

lindependant.fr

spi0n.com lelombrik.net

pinterest.com

presseurop.eu

instagram.com

petitionpublique.fr

planet.fr

vice.com

lelab.europe1.fr

kapitalis.com

publicsenat.fr

blogdumoderateur.com

mediafire.com

etsy.com

franceculture.fr

pleaselike.com

gizmodo.fr

ecrans.fr

bp.blogspot.com

fbcdn.net

tunivisions.net

nyti.ms

consoglobe.com

huffingtonpost.fr

mashable.com

laquadrature.net

mixcloud.com

alorsvoila.centerblog.net

amazonaws.com

jeanmarcmorandini.com

10minutesaperdre.fr

cairn.info

blog.slate.fr

9gag.com

quebec.huffingtonpost.ca

fubiz.net

alternatives-economiques.fr

internetactu.blog.lemonde.fr

ledauphine.com

video.eurosport.fr

sofoot.com

google.com

eurosport.fr

cahiersdufootball.net

youtube.com

terraeco.net

laviedesidees.fr

zeros-sociaux.fr

deviantart.com

fluctuat.premiere.fr

journaldugamer.com

arte.tv

canalplus.fr

mymodernmet.com

frenchweb.fr

weezevent.com

laboiteverte.fr

airbnb.fr

news.fr.msn.com

jeunecitoyen.wordpress.com

incredibox.com

9gag.tv

repubblica.it

shar.es

madmoizelle.com

twistedsifter.com

radioexpressfm.com

cheezburger.com
zdnet.fr

economist.com

contrepoints.org

lebonbon.fr

bibliobs.nouvelobs.com

lyoncapitale.fr

theoatmeal.com

jean-luc-melenchon.fr

golem13.fr

crise.blog.lemonde.fr

leparisien.fr

cafepedagogique.net

ecologie.blog.lemonde.fr

midilibre.fr

t.co

itsh.bo

beatport.com

m6.fr

graphism.fr

e3xvideo.com

cnn.com

24heuresactu.com

indiegogo.com
nytimes.com

framablog.org

redbull.com

letribunaldunet.fr

bfmtv.com

ow.ly

mercialfred.com

charentelibre.fr

arretsurimages.net

fr.finance.yahoo.com

rts.ch

gawker.com

lejdd.fr

odieuxconnard.wordpress.com

passeurdesciences.blog.lemonde.fr

digitick.com

lalibre.be

korben.info

influencia.net

theguardian.com

spotify.com

bu2z.com

videos.arte.tv

france.attac.org

whitehouse.gov

lesoir.be

edition.cnn.com

500px.com

media.tumblr.com

rue89.com/rue69

mytaratata.com

yahoo.com

scinfolex.wordpress.com

io9.com

dlvr.it

vine.co

kickstarter.com

grandpalais.fr

presse-citron.net

gqmagazine.fr

businessinsider.com

clubic.com

pro.clubic.com

actuwiki.fr

com.tn

videos.tf1.fr

issuu.com

lavoixdunord.fr

letelegramme.com

lepost.fr

etapes.com

sciencemag.org

rt.com

eventbrite.com

wired.com

owni.fr

telegraph.co.uk

lefigaro.fr

atlantico.fr

chersvoisins.tumblr.com

20minutes.fr

files.wordpress.com
apple.com

francoishollande.fr

com.br

npr.org

numerama.com

melty.fr

fr.pourelles.yahoo.com

cgi.ebay.fr

lavie.fr

jooks.fr

theonion.com

secure.avaaz.org

journaldugeek.com

hodiho.fr

goldenmoustache.com
gameblog.fr

franceinfo.fr

nikopik.com

takethislollipop.com
divertissonsnous.com

redbullstratos.com

rtl.be

bit.ly

docnews.fr

enseignementsup.blog.lemonde.fr

wimp.com

contretemps.eu

minutebuzz.com

rue89lyon.fr

jeprefere.fr

homelidays.com

sciences.blogs.liberation.fr/home vente-privee.com

rmcsport.fr

cafaitgenre.org

koreus.com

reflets.info

politis.fr
shz.am

novaplanet.com

doodle.com

aljazeera.com

scoop.it

tf1.fr

thoughtcatalog.com

residentadvisor.net

babnet.net

mediapart.fr

collegehumor.com

huffingtonpost.com

ustream.tv

danstonchat.com

blogs.mediapart.fr

lamontagne.fr

france24.com

reuters.com

metrofrance.com

com.au

payetashnek.tumblr.com

donottouch.org

lesechos.fr

30millionsdamis.fr

huff.to

elections.lefigaro.fr

topito.com
legorafi.fr

thisiscolossal.com

imgur.com

internetactu.net

imageshack.us

sudinfo.be

lesjoiesducode.tumblr.com

stumbleupon.com

canalstreet.canalplus.fr

streetpress.com

actu.orange.fr

thenextweb.com

pitchfork.com

buzzfeed.com

rtl.fr

universiteuniverselle.fr

konbini.com/fr

foursquare.com

j.mp

jeuneafrique.com

vice.com/fr

akamaihd.net

dailymotion.com

google.fr

lalsace.fr scienceshumaines.com

levif.be

wat.tv

redbull.fr

lci.tf1.fr

agoravox.fr

xkcd.com

francesoir.fr

abrutis.com

bbc.co.uk

leboncoin.fr skipass.com

wix.com

lanouvellerepublique.fr
tempsreel.nouvelobs.com

suchablog.com

cyberpresse.ca

gaite-lyrique.net

lequipe.fr

tomsguide.fr

lolannonces.fr

bastamag.net

dailygeekshow.com

shazam.com
alittlemarket.com

lesnumeriques.com

lerugbynistere.fr

francebleu.fr

twitter.com

washingtonpost.com

greenpeace.org/france/fr

pollinis.org

ulule.com

marianne2.fr

nokenny.com

memecenter.com

rfi.fr
dna.fr

gamaniak.com

ft.com

techcrunch.com

pointerpointer.com

la-croix.com

lesmoutonsenrages.fr

lexpansion.lexpress.fr

viedemerde.fr

journaldunet.com

itele.fr

change.org

prezi.com

fr.news.yahoo.com

geeksaresexy.net

sciencesetavenir.nouvelobs.com

online.wsj.com

pluzz.francetv.fr

kijiji.ca

newyorker.com

courrierinternational.com

slateafrique.com

d8.tv

bandcamp.com

theverge.com

deezer.com

jeuxvideo.com

revues.org

liguedesconducteurs.org

begeek.fr

latta.blog.lemonde.fr
insolente0veggie.over-blog.com

greenpeace.org

europe1.fr ladepeche.fr

lolgislatives2012.tumblr.com

buzzly.fr

television.telerama.fr
bigbrowser.blog.lemonde.fr

corriere.it

mosaiquefm.net

runtastic.com

CANADA

CULTURE GEEK

MAGHREB

LOISIRS

MEDIAS INTERNATIONAUX
DE REFERENCE

MOBILISATION

CULTURE

BELGIQUE

MEDIAS DE DROITE, 
AUDIOVISUEL ET REGIONAUX

MEDIAS DE GAUCHE

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

Facebook citation network



Mixing dimensions of analysis

Facebook citation network

video.lefigaro.fr

video.liberation.fr

desencyclopedie.wikia.com

rue89strasbourg.com

transports.blog.lemonde.fr

jibjab.com

play.google.com

lemonde.frlemde.fr

assemblee-nationale.fr

grooveshark.com

covoiturage.fr

parti-socialiste.fr

demotivateur.fr

franceinter.fr

lentreprise.lexpress.fr

radio-canada.ca

upworthy.com

education.gouv.fr

humanite.fr

jactiv.ouest-france.fr

charliehebdo.fr
rmc.fr

livestream.com

amiando.com

rtl.be/info

dropbox.com

hypotheses.org

lesinrocks.com

tuniscope.com

lexpress.fr

meltybuzz.fr

ledevoir.com

nature.com

phdcomics.com

mobile.lemonde.fr

mondediplo.net

fr.sports.yahoo.com

businessnews.com.tn

rue89.com

telerama.fr

terrafemina.com

acrimed.org

bvoltaire.fr

dailymotion.com/video

directmatin.fr

pcinpact.com

fnacspectacles.com

rollingstone.com

jeuxactu.com

spiegel.de

viadeo.com

etudiant.lefigaro.fr

tetu.com

theatlantic.com

monde-diplomatique.fr

hitek.fr

01net.com

coursera.org

guardian.co.uk/commentisfree

forbes.com

ragemag.fr

rslnmag.frfeedproxy.google.com

lapetition.be

leplus.nouvelobs.com

dailymail.co.uk

francetvinfo.fr

sosconso.blog.lemonde.fr

decodeurs.blog.lemonde.fr

m.20minutes.fr

vimeo.com

soundcloud.com

lapresse.ca

independent.co.uk/news

vidberg.blog.lemonde.fr

lavenir.net

petitions24.net

tuxboard.com

mesopinions.com

lejournaldusiecle.com

elysee.blog.lemonde.fr

republicain-lorrain.fr

ndf.fr

reporterre.net

shemsfm.net

liberation.fr

sante.lefigaro.fr

newsring.fr

slate.com

allocine.fr

groupon.fr

brain-magazine.com

linkedin.com

ouest-france.fr

jepic.org

allout.org

strategies.fr

rue89.com/rue89-planete

scribd.com

smbc-comics.com

appspot.com

bouletcorp.com

nawaat.org

fressoz.blog.lemonde.fr

france2.fr

dhnet.be

fm

lecercle.lesechos.fr

imdb.com

yagg.com

wikimedia.org

avaaz.org

causes.com

guardian.co.uk/world

snd.sc

lcp.fr
eurobuzz.org

parismatch.com

wikipedia.org

cloudfront.net

kisskissbankbank.com

instagr.am

onforb.es

ebay.fr

slate.fr

programme-tv.net

visual.ly

zapiks.fr

disq.us

isabellebontridder.be

rtbf.be

klaire.fr

causeur.fr

elysee.fr

ted.com

pacte2012.fr

guardian.co.uk

capital.fr

theuselessweb.com

houhouhaha.fr

gizmodo.com

tvanouvelles.ca

placeaupeuple2012.fr

estrepublicain.fr

alternatives.blog.lemonde.fr

leparisien.fr/laparisienne

sudouest.fr

behance.net

latribune.fr

dai.ly

cracked.com

warnerbros.fr

eddenya.com

maitre-eolas.fr

etenfaitalafin.fr

lepoint.fr

marianne.net

actualitte.com

amazon.com

slideshare.net

premiere.fr

lindependant.fr

spi0n.com lelombrik.net

pinterest.com

presseurop.eu

instagram.com

petitionpublique.fr

planet.fr

vice.com

lelab.europe1.fr

kapitalis.com

publicsenat.fr

blogdumoderateur.com

mediafire.com

etsy.com

franceculture.fr

pleaselike.com

gizmodo.fr

ecrans.fr

bp.blogspot.com

fbcdn.net

tunivisions.net

nyti.ms

consoglobe.com

huffingtonpost.fr

mashable.com

laquadrature.net

mixcloud.com

alorsvoila.centerblog.net

amazonaws.com

jeanmarcmorandini.com

10minutesaperdre.fr

cairn.info

blog.slate.fr

9gag.com

quebec.huffingtonpost.ca

fubiz.net

alternatives-economiques.fr

internetactu.blog.lemonde.fr

ledauphine.com

video.eurosport.fr

sofoot.com

google.com

eurosport.fr

cahiersdufootball.net

youtube.com

terraeco.net

laviedesidees.fr

zeros-sociaux.fr

deviantart.com

fluctuat.premiere.fr

journaldugamer.com

arte.tv

canalplus.fr

mymodernmet.com

frenchweb.fr

weezevent.com

laboiteverte.fr

airbnb.fr

news.fr.msn.com

jeunecitoyen.wordpress.com

incredibox.com

9gag.tv

repubblica.it

shar.es

madmoizelle.com

twistedsifter.com

radioexpressfm.com

cheezburger.com
zdnet.fr

economist.com

contrepoints.org

lebonbon.fr

bibliobs.nouvelobs.com

lyoncapitale.fr

theoatmeal.com

jean-luc-melenchon.fr

golem13.fr

crise.blog.lemonde.fr

leparisien.fr

cafepedagogique.net

ecologie.blog.lemonde.fr

midilibre.fr

t.co

itsh.bo

beatport.com

m6.fr

graphism.fr

e3xvideo.com

cnn.com

24heuresactu.com

indiegogo.com
nytimes.com

framablog.org

redbull.com

letribunaldunet.fr

bfmtv.com

ow.ly

mercialfred.com

charentelibre.fr

arretsurimages.net

fr.finance.yahoo.com

rts.ch

gawker.com

lejdd.fr

odieuxconnard.wordpress.com

passeurdesciences.blog.lemonde.fr

digitick.com

lalibre.be

korben.info

influencia.net

theguardian.com

spotify.com

bu2z.com

videos.arte.tv

france.attac.org

whitehouse.gov

lesoir.be

edition.cnn.com

500px.com

media.tumblr.com

rue89.com/rue69

mytaratata.com

yahoo.com

scinfolex.wordpress.com

io9.com

dlvr.it

vine.co

kickstarter.com

grandpalais.fr

presse-citron.net

gqmagazine.fr

businessinsider.com

clubic.com

pro.clubic.com

actuwiki.fr

com.tn

videos.tf1.fr

issuu.com

lavoixdunord.fr

letelegramme.com

lepost.fr

etapes.com

sciencemag.org

rt.com

eventbrite.com

wired.com

owni.fr

telegraph.co.uk

lefigaro.fr

atlantico.fr

chersvoisins.tumblr.com

20minutes.fr

files.wordpress.com
apple.com

francoishollande.fr

com.br

npr.org

numerama.com

melty.fr

fr.pourelles.yahoo.com

cgi.ebay.fr

lavie.fr

jooks.fr

theonion.com

secure.avaaz.org

journaldugeek.com

hodiho.fr

goldenmoustache.com
gameblog.fr

franceinfo.fr

nikopik.com

takethislollipop.com
divertissonsnous.com

redbullstratos.com

rtl.be

bit.ly

docnews.fr

enseignementsup.blog.lemonde.fr

wimp.com

contretemps.eu

minutebuzz.com

rue89lyon.fr

jeprefere.fr

homelidays.com

sciences.blogs.liberation.fr/home vente-privee.com

rmcsport.fr

cafaitgenre.org

koreus.com

reflets.info

politis.fr
shz.am

novaplanet.com

doodle.com

aljazeera.com

scoop.it

tf1.fr

thoughtcatalog.com

residentadvisor.net

babnet.net

mediapart.fr

collegehumor.com

huffingtonpost.com

ustream.tv

danstonchat.com

blogs.mediapart.fr

lamontagne.fr

france24.com

reuters.com

metrofrance.com

com.au

payetashnek.tumblr.com

donottouch.org

lesechos.fr

30millionsdamis.fr

huff.to

elections.lefigaro.fr

topito.com
legorafi.fr

thisiscolossal.com

imgur.com

internetactu.net

imageshack.us

sudinfo.be

lesjoiesducode.tumblr.com

stumbleupon.com

canalstreet.canalplus.fr

streetpress.com

actu.orange.fr

thenextweb.com

pitchfork.com

buzzfeed.com

rtl.fr

universiteuniverselle.fr

konbini.com/fr

foursquare.com

j.mp

jeuneafrique.com

vice.com/fr

akamaihd.net

dailymotion.com

google.fr

lalsace.fr scienceshumaines.com

levif.be

wat.tv

redbull.fr

lci.tf1.fr

agoravox.fr

xkcd.com

francesoir.fr

abrutis.com

bbc.co.uk

leboncoin.fr skipass.com

wix.com

lanouvellerepublique.fr
tempsreel.nouvelobs.com

suchablog.com

cyberpresse.ca

gaite-lyrique.net

lequipe.fr

tomsguide.fr

lolannonces.fr

bastamag.net

dailygeekshow.com

shazam.com
alittlemarket.com

lesnumeriques.com

lerugbynistere.fr

francebleu.fr

twitter.com

washingtonpost.com

greenpeace.org/france/fr

pollinis.org

ulule.com

marianne2.fr

nokenny.com

memecenter.com

rfi.fr
dna.fr

gamaniak.com

ft.com

techcrunch.com

pointerpointer.com

la-croix.com

lesmoutonsenrages.fr

lexpansion.lexpress.fr

viedemerde.fr

journaldunet.com

itele.fr

change.org

prezi.com

fr.news.yahoo.com

geeksaresexy.net

sciencesetavenir.nouvelobs.com

online.wsj.com

pluzz.francetv.fr

kijiji.ca

newyorker.com

courrierinternational.com

slateafrique.com

d8.tv

bandcamp.com

theverge.com

deezer.com

jeuxvideo.com

revues.org

liguedesconducteurs.org

begeek.fr

latta.blog.lemonde.fr
insolente0veggie.over-blog.com

greenpeace.org

europe1.fr ladepeche.fr

lolgislatives2012.tumblr.com

buzzly.fr

television.telerama.fr
bigbrowser.blog.lemonde.fr

corriere.it

mosaiquefm.net

runtastic.com

CANADA

CULTURE GEEK

MAGHREB

LOISIRS

MEDIAS INTERNATIONAUX
DE REFERENCE

MOBILISATION

CULTURE

BELGIQUE

MEDIAS DE DROITE, 
AUDIOVISUEL ET REGIONAUX

MEDIAS DE GAUCHE

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0



Mapping individual presidents 

Statecraft

Naval Issues

Political Economy

Industry & Production
Domestic 

Naturalization & 
Citizenship

Police & 
Crime

Public lands & 
Settlers

Foreign Policy

Statecraft

Naval Issues

Political Economy

Industry & Production
Domestic 

Naturalization & 
Citizenship

Police & 
Crime

Public lands & 
Settlers

Foreign Policy

Statecraft

Naval Issues

Political Economy

Industry & Production
Domestic 

Naturalization & 
Citizenship

Police & 
Crime

Public lands & 
Settlers

Foreign Policy

Comparing political discourses across time



Dynamical mapping
Inter-temporal matching between two maps
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Stream Reconstruction 
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Clusters are intertemporally grouped 
into streams according to their lineage



• Capture topics with a 
delimited time span 

• Conversely, river networks 
map the semantic 
structure at successive 
periods and then 
reconstruct 
(dis)continuities
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Mixing dimensions of analysis
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