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2 Redes do Coocurrencia

3 Redes de Asociaciones

4 Aplicaciones

5 Construcción de Redes

6 Resumenes de Textos

7 Aplicación

Universidad de los Andes y Quantil Redes



Introducción: Teoŕıa de Redes
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Ejemplos de Redes: Matrimonios Familia Medici, Florencia
1400

Padgett, J.F y C.K. Ansell (1993). Robust action and the rise
of the Medici, 1400-1434.
Red de matrimonios entre familias (cada enlace representa un
matrimonio entre miembros de dos familias).1.2. A SET OF EXAMPLES: 19

Figure 1.1: 15th Century Florentine Marriges Data from Padgett and Ansell [493]

(drawn using UCINET)

both greater wealth and more seats in the local legislature, and yet the Medici rose to

eclipse them. The key to understanding this, as Padgett and Ansell [493] detail, can

be seen in the network structure.

If we do a rough calculation of importance in the network, simply by counting how

many families a given family is linked to through marriages, then the Medici do come

out on top. However, they only edge out the next highest families, the Strozzi and the

Guadagni, by a ratio of 3 to 2. While this is suggestive, it is not so dramatic as to be

telling. We need to look a bit closer at the network structure to get a better handle on

a key to the success of the Medici. In particular, the following measure of betweenness

is illuminating.

Let P (ij) denote the number of shortest paths connecting family i to family j. 3

Let Pk(ij) denote the number of these paths that family k lies on. For instance, the

shortest path between the Barbadori and Guadagni has three links in it. There are

3Formal de�nitions of path and some other terms used in this chapter appear in Chapter 2. The

ideas should generally be clear, but the unsure reader can skip forward if they wish. Paths represent

the obvious thing: a series of links connecting one node to another.

Universidad de los Andes y Quantil Redes



Ejemplos de Redes: Matrimonios Familia Medici, Florencia
1400

Basados en la riqueza y poder poĺıtico es dif́ıcil explicar como
los Medici surgieron como una familia tan importante (la
familia Strozzi teńıa más riqueza y poder poĺıtico, sin embargo
fueron opacados por los Medici).

La estructura de relaciones puede ser un determinante.

Si comparamos con cuántas familias se encuentra una familia
espećıfica relacionada y comparamos entre ellas, los Medici
sobresalen (3 a 2).

Una relacion de cercania resulta más sugestiva.



Ejemplos de Redes: Matrimonios Familia Medici, Florencia
1400

Sea P(ij) el número de caminos más cortos que conectan una
familia i con j . Sea Pk(ij) el número de estos caminos que
incluyen a la familia k.

Por ejemplo si i =Barbadori, j =Guadagni, entonces
P(ij) = 2. Si k =Medici entonces Pk(ij) = 2 mientras que si
k = Strozzi o Albizzi Pk(ij) es cero o uno respectivamente.



Ejemplos de Redes: Matrimonios Familia Medici, Florencia
1400

Si calculamos una medida de importancia (betweenness
Freeman) de cada familia k como:

∑
i ,j :i 6=j ,k∈{i ,j}

Pk (ij)
P(ij)

(n − 1)(n − 2)/2
(1)

donde Pk (ij)
P(ij) = 0 si no hay caminos entre i y j . El coeficiente

(n − 1)(n − 2)/2 es el número máximo de pares de familias
que incluiŕıan a la familia k .



Ejemplos de Redes: Familia Medici, Florencia 1400

Esta medida de poder para los Medici es 0.522. Esto significa
que los Medici están en más de la mitad de los caminos más
cortos entre todos los caminos más cortos entre cada par de
familias.

Este mismo cálculo para los Strozzi es 0.103. El segundo más
alto es los Guadagni que es 0.255.

En este sentido los Medici estaban mejor posicionados que
cualquier otra familia.

Esta estructura es endógena? Es óptima?



Ejemplos de Redes: Amistades y romances en estudiantes
secundaria

Datos de 90, 000 estuadiantes de la encuesta Add Health
entrevistados en los años 90.

A los estudiantes se les preguntaba con quién habian tenido
relaciones romanticas en los últimos seis meses.

22 CHAPTER 1. INTRODUCTION

students in one of the high schools in the study. The students were asked to list the

romantic liaisons that they had during the six months previous to the survey.

Figure 1.2: A Figure from Bearman, Moody and Stovel [47] based the Add Health Data

Set. A Link Denotes a Romantic Relationship, and the Numbers by Some Components

Indicate How Many Such Components Appear.

There are several things to remark about Figure 1.2. The network is nearly a

bipartite network, meaning that the nodes can be divide into two groups, male and

female, so that links only lie between groups (with a few exceptions). Despite its

nearly bipartite nature, the distribution of the degrees of the nodes (number of links

each node has) turns out to closely match a network where links are formed uniformly

at random (for details on this see Section 3.2.3), and we see a number of features of

large random networks. For example, we see a �giant component,� where over one

hundred of the students are connected via sequences of links in the network. The next

largest component (maximal set of students who are each linked to one another via

sequences of links) only has ten students in it. This component structure has important

implications for the di¤usion of disease, information, and behaviors, as discussed in

detail in Chapters 7, 8, and 9. Next, note that the network is quite �tree-like�in that

there are very few loops or cycles in the network. There is a very large cycle visible in



Ejemplos de Redes: Formación aleatoria de redes

1.2. A SET OF EXAMPLES: 31

Figure 1.7: Frequency Distribution of a Randomly Generated Network and the Poisson

Approximation for a Probability of .08 on each Link
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Redes do Coocurrencia

Son redes que se construyen usando como nodos palabras (o
solamente las que pertenecen algun tipo de palabra) y creando
un enlace entre ellas cuando aparecen juntas en una ventana
de N-palabras (puede ser en una frase o parágrafo).

Pueden ser redes dirigidas o no y con pesos (usando la
verosimilitud, etc).

Ferrer-i-Cancho y Sole (2001) muestran que este tipo de redes
tienen caracteŕısticas de mundos pequeños. Diametro de
aprox. 2,65 y coeficiente de clustering 0,5 y distr. libre de
escala.

Usan British National Corpus (n = 470,000, m = 170mm).

Universidad de los Andes y Quantil Redes
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Redes do Coocurrencia

La distribución del grado sigue una power law con parámetro
−1,5, −2,7. Esta regularidad emṕırica sirve para validar una
teoŕıa: existe un kernel lexicon del inglés que comparten la
mayoŕıa de personas (50m palabras) y una lista de palanbra
menos usadas.

Universidad de los Andes y Quantil Redes



Redes do Coocurrencia: Ejemplos

Ferrer-i-Cancho y Sole (2001) muestran que este tipo de redes
tienen caracteŕısticas de mundos pequeños. Diametrode aprox.
2,65 y coeficiente de clustering 0,5 y distr. libre de escala.

Usan British National Corpus (n = 470,000, m = 170mm).

La distribución del grado sigue una power law con parámetro
−1,5, −2,7. Esta regularidad emṕırica sirve para validar una
teoŕıa: existe un kernel lexicon del inglés que comparten la
mayoŕıa de personas (50m palabras) y una lista de palanbra
menos usadas.



Redes do Coocurrencia: Ejemplos

Masucci y Rodgers (2006). Palabras adyacentes en la novela
de Orwell 1984.

Encuentran evidencia fuerte de power laws.

80 Language Networks
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Figure 4.2. The graph corresponding to the beginning of 1984.

network, n = 8,992, m = 117,687, and α = 1.1. The graph corresponding
to the first sentence in 1984 is shown in Figure 4.2.

4.2. Syntactic Dependency Networks

After looking at the network of co-occurring words (i.e., the “word web”),
Ferrer-i-Cancho, Sole, and Koehler (2004) examined syntactic universals
(i.e., language properties that persist across languages) in the form of net-
works of syntactic dependencies using corpora from three European lan-
guages (i.e., Czech, Romanian, and German) belonging to three different
language families. Similar to the co-occurrence network, these syntactic
networks also were shown to display small-world properties as well as dis-
assortative mixing (because service words like prepositions do not connect
to one another).

Syntactic dependencies link “head” words with their “modifiers.” For
example, the sentence, “Mary has a cat” includes three syntactic dependen-
cies: “has Mary,” “has cat,” and “cat a” in which the node “has” is the root
of the dependency tree (see Chapter 8). The corresponding networks are
directed, with the arrow pointing from the modifier to the head (i.e., child to
parent). It was observed that about 70 percent of such dependencies appear
within a distance of two words. For example, Figure 4.3 shows the graph
corresponding to the neighborhood of the word pentru in Romanian.
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Ejemplos de Redes: Semánticas

Steyvers y Tenenbaum (2005): Experimento con seis mil
personas. Se les dan 500 palabras y ellos declaran si hay
alguna asosicación entyre pares.

4.3 Semantic Networks 83
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Figure 4.5. Free-word-association network (Steyvers and Tenenbaum 2005b).

participants. They were given five thousand cue words (e.g., “cat”); a link
between two words in the network was drawn if at least two people made
that association. For instance, the edge between the nodes “dog” and “cat”
indicates how many among the six thousand participants associated “dog”
and “cat.” Figures 4.6 and 4.7 illustrate the mental-lexicon network.
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worldactor

Figure 4.6. Example of a chunk of a mental lexicon.



Ejemplos de Redes: Semánticas

84 Language Networks

Table 4.2. Properties of semantic networks.

Property Associative Roget WordNet

C 0.186 0.875 0.0265
Cr 4.35 × 10−3 0.613 1 × 10−4

The comparison is between the actual clustering coefficient and
the clustering coefficient of a random graph of the same size.

In the study reported in Steyvers and Tenenbaum (2005b), it was found
that several semantic networks, including the associated network described
previously, Roget’s thesaurus (i.e., twenty-nine thousand words, structured
in the form of a bipartite graph with one thousand semantic categories),
and WordNet (i.e., one hundred twenty thousand word forms and ninty-
nine thousand meanings), are all scale-free, small-world graphs. Moreover,
it was found that these semantic networks have large clustering coefficients
as well as good power-law distribution fits regardless of the model used
(i.e., undirected or randomly directed). However, it also was found that
the graphs exhibit higher clustering than the social networks in Barabasi
(2003). The results from this study are summarized in Table 4.2.

The words that were found to have the highest degree were food, money,
water, car, and good in the associative network; light, cut, hold, set, and
turn in Roget, and break, cut, run, make, and clear in WordNet. The degree
corresponds to the number of meanings and matches Zipf’s second law, the
so-called Zipf law of meanings (i.e., the number of meanings of words in a
language also is distributed according to Zipf).
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Figure 4.7. Syntactic dependency degree distribution (log–log space). The x-axis shows
the logarithm of the degree whereas the y-axis displays the corresponding frequency.
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Clasificación de textos: Grafo de Documentos
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Clasificación de textos

An undirected bipartite graph is a triple G = (D, W, E) where
D, W are two sets of vertices and E is the set of edges. Take
D as the set of documents, W as the set of words they
contain and an edge exists if word w occurs in document d.
Note that the edges are undirected.

In this model, there are no edges between words or between
documents.

Dhillon (2001) utiliza un algoritmo de particion de redes
bipartitas.

Tiene la ventaja de que usa información sobre las palabras y
documentos para hacer la clasificación
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Detección de plagio.

The concrete task is to implement a graph edit distance
algorithm, which calculates similarity between two graphs.

The algorithm is based on calculating the number of edit
operations needed to transform one graph into another
(Riesen and Bunke, 2009).
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Figure 1.1: Example of dependency graphs

1.2 Problem description

The concrete task in this thesis is to implement a graph edit distance algorithm, which
calculates similarity between two graphs. The algorithm is based on calculating the
number of edit operations needed to transform one graph into another (Riesen and
Bunke, 2009). Each edit operation has an edit cost, which determines how costly the
given operation is.

Automatic plagiarism detection is a research field which relies primarily on text
similarity. This makes it an interesting test bed for the topic of this thesis. The
problem of applying graph-based text similarity to plagiarism detection is defined in
research question 1.

Research question 1. Is graph-based similarity, in particular graph edit distance,
applicable to plagiarism detection and computationally feasible?

State-of-the-art plagiarism detection systems mostly rely on simpler representations
of text, such as n-gram matching and the vector space model (Suchomel et al., 2012;
Kong et al., 2012; Grman and Ravas, 2011; Oberreuter et al., 2011; Grozea and Popescu,
2011). As a result, the approach can be considered relatively unique. Due to the
uniqueness of the approach, some implementation details remain undefined. Research
question 2 addresses the problem of defining the details of the algorithm.

Research question 2. What is the best way to calculate graph edit distance between
sentences, in particular with respect to edit costs and graph representation, in the con-
text of plagiarism detection?
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2.4. GRAPH EDIT DISTANCE 11

2.4 Graph edit distance

Graph edit distance is a measure of how different two graphs are, defined as the mini-
mum amount of edit operations needed to transform one graph into another. An edit
operation can be done on either a node or edge, following definition 1 (Riesen and
Bunke, 2009; Hu et al., 2009).

Definition 1. An edit operation between two graphs g1 and g2 is either a substitute
(u → v), insert (ε → v) or delete (u → ε) operation, where u is a node in g1 and v
is a node in g2.

A substitute operation is defined in definition 2, following Riesen and Bunke (2009).

Definition 2. A substitute operation (u → v) consists of an insert (ε → v) and a
delete ((u→ ε) operation.

2.4.1 Edit operations

The edit operations needed to transform the source graph g1 into the target graph g2,
is form an edit path. Figure 2.1 illustrates the edit path required to turn the sentence
Mary was kissed by Bob into the sentence Bob kissed Mary.

Mary

kissed

was

Bob

by Mary

kissed

Bob

by

Mary

kissed

Bob
(was → ε) (by → ε)

Figure 2.1: An example of edit operations for two graphs

In this case, if only nodes are considered, the edit path of the two graphs in Figure
2.1 can be expressed as in (1).

[(was → ε), (by → ε)] (1)

Each edit operation has an associated cost defined as a cost function. A typical cost
function matches node labels, as well as edge difference. The cost function may differ
from application to application, and is a matter of implementation details. This shows
how general graph edit distance can be. The algorithm can be modified to solve a
specific problem by simply replacing a single function.

2.4.2 Assignment problem

The time complexity for matching n nodes with m nodes, where n and m are the
nodes of two graphs, is given by n!

m!
, making the problem exponential in the number of

involved nodes (Fankhauser et al., 2011; Zeng et al., 2009). As a result, there has been
a need for alternative approaches.
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Construcción de Redes

Red de términos.

Red de documentos.

Red bipartita de términos y documentos.

Universidad de los Andes y Quantil Redes
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Resumenes de Textos

Grafos estocásticos.

RT se basa en la relevancia de ciertes frases.

LexRank se basa en la centralidad las frases en un grafo de
frases (i.e., PageRank).

La técnica también puede ser utilizada para tareas como:
clasificación de entidades nombradas, adjunción de
proposciones a frases y clasificación de textos.

Universidad de los Andes y Quantil Redes



Resumenes de Textos

La sintetización de textos es t́ıpicamente orientada por el
tópico de interes.

El problema que aqúı se resuelve es de sintesis de múltiples
documentos de tópicos genérico (sin especificar).

Existen dos grande formas de hacer resumenes: extraer
subconjuntos de frases de los documentos o abstracta, en la
que se parafrasea las frases (t́ıpico de los resumenes humanos).

Solamente la primera forma ha alcanzado resultados
satisfactorios.



Medidas de la Importancia de Frases: Basadas en
centroides

En un grafo de múltiples documentos se idendifican clusters.

La centralidad de una frase se mide con base en la centralidad
de las palabras que contiene.

Para adeterminar la centralidad de las palabras se construye
un pseudodocumento a partir de cada cluster (se llama
centroide).

El centroide del cluster se construye de palabras que tiene un
valor ḿınimo de tf × idf donde tf es la frecuencia de los
términos en el cluster de documentos y idf es la inversa de la
frecuencia del término en un corpus de documentos más
grande pero af́ın a los documentos en cuestión.

Las frases que tengas más palabras del centroide se considera
son cosideradas centrales (del cluster?).

Esta técnica ha sido exitosa y es la base de sistemas de
sintetización de multidocumentos: www.newsinessence.com



Medidas de la Importancia de Frases: Basadas en medidas
de centralidad

Todas la propuestas a continuación se basan en el concepto
de prestigio en redes.

La hipótesis es que las frases que son similares a muchas de
las frases en el cluster son mas relevantes.

Para esto tenemos que definir similaridad entre frases y
segundo la centralidad de una frase dada la similaridad a otras
frases.



Similaridad de frases

Cada frase se representa como un vector N − dimensional
donde N es el número de palabras posibles del lenguaje en
consideración.

Cada palabra en una frase se le asocia un número en el vector
N − dimensional : Frecuencia del término en la frase × idf.

La similitud entre dos frases se define como (el coseno entre
dos vectores: idf-modified-cosine):

s(x , y) =

∑
w∈x ,y tfw ,x tfw ,y (idfw )2∑

xi∈x(tfxi ,x idfxi )
2
∑

yi∈y (tfyi ,y idfyi )
2

(2)



Similaridad de frases

Un cluster de documentos se puede representar por una
matriz de de similitud (coseno) donde cada entrada es la
similitud entre la pareja de frases.

Esta matriz se puede utilizar para representar un grafo con
pesos.

Se puede escoger un umbral para disminuir el número de
elementos positivos de la matriz y también olvidarnos de que
es un grafo por pesos.



Centralidad de frases

Grado

Prestigio (eigenvector centrality y LexRank)

Considere la siguiente definición de centralidad de un nodo u:

p(u) =
∑
v

∈ adj [u]
p(v)

deg(v)
(3)

Sea B la matriz que se obtiene de la matriz de adjacencia del
grafo de similitud de frases normalizando cada entrada por la
suma de la fila.

B representa una matriz de transición de una cadena de
Markov.



Centralidad de frases

B representa una matriz de transición de una cadena de
Markov y obsérvese que pTB = pT . Es decir p corresponde a
una distribución estacionaria de B: limn→∞1T r .

No importa la distribución del estado inical, asintóticamente
la distribución del estado es la distribución estacionaria.

Para garantizar la existencia de esta distribución estacionaria
es necesario que B sea irreducible (cada estado puede ser
alcanzado con probabilida positiva despues de suficientes
transiciones) y aperiodico (siempre existe la posibilidad de
salir cambiar de estado).

En estas condiciones el teorema de Perron - Frobenius
garantiza la existencia de uan única distribución estacionaria.



Centralidad de frases

Para lograr esto se hace la siguinete modificación de la
centralidad de cada nodo (i.e., PageRank):

p(u) =
d

N
+ (1− d)

∑
v

∈ adj [u]
p(v)

deg(v)
(4)

donde N es el total de nodos en un grafo y d es un factor de
dumping (t́ıpicamente entre 0.1 y 0.2)

La aplicación de esta forma de calcular la centralidad de cada
nodo al grafo de similitud entre frases se denomina LexRank.

Una versión alterntaiva se basa en la versión del grafo de
similitud por pesos.
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2 Redes do Coocurrencia

3 Redes de Asociaciones

4 Aplicaciones

5 Construcción de Redes

6 Resumenes de Textos

7 Aplicación

Universidad de los Andes y Quantil Redes



Introducción: Teoŕıa de Redes
Redes do Coocurrencia
Redes de Asociaciones

Aplicaciones
Construcción de Redes

Resumenes de Textos
Aplicación

Aplicación

DUC 2003 y 2004 contiene 30 y 50 clusters de documentos de
noticias (todos en inglés).

Para evaluación se uso la métrica ROUGE basada en n− gram
coocurrencia: reporta puntajes para 1,2,3,4 - gramas de
coincidencia entre los resumenes del modelo y el resumen.

Implementaron la metodoloǵıa en un software disponibl en
www.summarization.xom

Se sabe que el puntaje de los 1-gramas tiende a coincidir con
las evaluaciones de humanos.

Universidad de los Andes y Quantil Redes
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