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Main Research Interests

• Economic Networks

• Applied work: Trade, finance, migration

• Micro-to-Macro Agent-Based Models

• Business cycle and growth

• Links between financial and real sectors

• Statistical Properties of Macro Time-Series

• Fat-tails in macro time-series

• DSGE models and fat-tailed shocks 
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Outline of the course

• What is a network? Examples of networks

• Why networks are important for economists?

• Networks and Graphs

• Measures and metrics on networks

• Distributions of metrics and measures in large networks

• Modeling Networks

• Economic applications  

Giorgio Fagiolo, Course on Economic Networks.



Logistics

• 6 Meetings, approx 30 hours

• Theory and applications

• Running examples: ITN (+ IFN, IMN)

• Software: Matlab, Gephi (viz), Python/NetworkX 

• Economic applications

• Course website: http://www.lem.sssup.it/fagiolo/Teaching

• Ref book: Newman, M.E.J.: Networks. An Introduction, 
Oxford University Press, 2010

Giorgio Fagiolo, Course on Economic Networks.

http://www.lem.sssup.it/fagiolo/Teaching.html
http://www.lem.sssup.it/fagiolo/Teaching.html


What’s Next

• What is a network? Examples of networks

• Why networks are important for economists?

• Networks and Graphs

• Measures and metrics on networks

• Distributions of metrics and measures in large networks

• Modeling Networks

• Economic applications  

Giorgio Fagiolo, Course on Economic Networks.



What is a network?

• A graph-theoretic representation 
of relationships (links) between 
units (nodes) of a system in a 
given point in time (or time 
interval)

• Nodes: entities, units, agents, 
possibly heterogeneous

• Links: existence of relation 
between nodes

Giorgio Fagiolo, Course on Economic Networks.



Different Types of Network Representations
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Bi-Partite Networks

• Nodes are divided in 2 (or more 
generally K distinct sets)

• Links between nodes of the same 
set are not allowed 

• Simple Bipartite networks: vertices 
of first set may be connected to 
vertices of second set

• Complete Bipartite networks: every 
vertex of the first set must be 
connected to every vertex of 
second set

Giorgio Fagiolo, Course on Economic Networks.



Core-Periphery and Tiered Networks

Core-Peryphery: 
Dense core with 
periphery layers 

Giorgio Fagiolo, Course on Economic Networks.

Tiered: Core, 
intermediate 

layer, periphery 
layer



Network Dynamics

Time

• More generally: time sequence of weighted 
directed multi graphs...

Giorgio Fagiolo, Course on Economic Networks.



Temporal Networks

• In many cases, the edges are not continuously active 
(sequences of instantaneous contacts)

• Temporal structure of edge activations can affect 
dynamics of systems interacting through the network

• See Holme and Saramaki, 2001, arXiv:1108.1780v2 
Giorgio Fagiolo, Course on Economic Networks.
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Real-World Networks: Some Examples

• Technological networks

• Biological and ecological networks

• Information networks

• Linguistic and cognitive networks

• Social networks

• Economic networks

... interdisciplinary approach to the 
study of networked systems...

Giorgio Fagiolo, Course on Economic Networks.



Technological Networks (I)

• The Internet: physical 
connections between 
physical devices (main 
routers, switching centers, 
ISP, end-user computers)

• Impossible to probe 
Internet network structure 
directly, data gathered via 
routing tables of 
autonomous systems (i.e., 
domains)

• See Pastor-Satorras and 
Vespignani: Evolution and 
structure of the Internet, 
2004

AS-level Structure: Nodes are AS and links represent 
routes taken by data traveling between them

Giorgio Fagiolo, Course on Economic Networks.



Technological Networks (II)

• Telephone networks (landlines, 
wireless)

• Power grids

• Transportation networks 
(road, rail, and airlines) 

• Delivery and distribution 
networks (cargos)

Giorgio Fagiolo, The World-Trade Web 

Stylized facts of real-world networks (I) 

Introduction Preliminaries Results Conclusions 

•  Shape of degree distribution 
•  Poisson: There is an average, characteristic number of partners (scale) 
•  Power-law: Emergence of hubs (Pareto 80-20 rule) 

Giorgio Fagiolo, The World-Trade Web 

Stylized facts of real-world networks (I) 
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Biological and Ecological Networks

• Protein-protein interaction 
networks: physical interactions 
between proteins; 
nodes=proteins; bilateral link: two 
proteins interact 

• Metabolic networks: nodes are 
chemicals produced and 
consumed in metabolic reactions 
within the cell (amino acids, 
carbohydrates, lipids, etc.)

• Food webs: directed network 
representing which species prey 
which other in a given ecosystem  

Protein-protein network for yeast

Predatory interactions in Little Rock Lake, WI, USA
Giorgio Fagiolo, Course on Economic Networks.



Information Networks (I)

• The WWW: nodes are webpages 
and directed links represent 
hyperlinks 

• Data gathered through crawlers 
(breadth-first search)

• Problems: Access to crawlers is 
denied by some websites, 
dynamically-generated pages; 
directionality of the network 
prevents pages to be reached; 
extremely dynamic evolution

• Only snapshots available

• Other WWW-based networks: 
Wikipedia

Webpages on a corporate website:

Giorgio Fagiolo, Course on Economic Networks.



Information Networks (II)

• Citation networks: nodes are academic 
papers/researchers or patents; directed 
links represent citations 

• Reasons for citing: usefulness, credits, 
influence, disagreeing

• Data gathered through software 
(Citeseer, Google Scholar, etc.)  

• Citation networks do not typically 
contain cycles (the WWW can): all 
directed edges point backward in time, 
as papers can be cited only if they have 
been written

• Other citation networks: political 
blogs, web social networks, legal 
citations, etc.

Chemistry: molecular biology and microbiology

arnott rj

dixit ak

edlin as

ferri g
furman j

greenwald bc
hoff k

kohn mg

liu lg
rey p

rothschild ml

sah rkstiglitz je

uy m

weiss a

Figure 2: Local network of collaboration of Joseph E. Stiglitz in the 1990s.

Note: The figure shows all authors within distance 2 of J.E. Stiglitz as well as the links between them. Some economists

might appear twice or are missing due to the use of di�erent initials or misspellings in EconLit. The figure was created by

software program Pajek.

15

Local network of collaboration of 
Joseph E. Stiglitz in the 1990s.
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Other Information Networks

• P2P Networks: nodes are computers 
and links represent sharing 
relationships. Very difficult to get data 
about network structure (only 
example: Gnutella)

• Recommender networks: two types of 
nodes (bipartite graph), products and 
people, with edges connecting people 
with products they buy or like; very 
useful in designing recommender 
systems (amazon.com)

The Gnutella network

Giorgio Fagiolo, Course on Economic Networks.



Linguistic and Cognitive Networks

• Networks that can be established by 
studying the feature of one (or more ) 
languages 

• Nodes: words. Links: relationship 
between words due to position, 
syntax, or grammar

• Co-occurrence networks: link is 
present if words are neighbours in a 
given text (or a little far apart)

• Word association networks: 
experiments were people are asked to 
say the first word that comes in their 
mind after a stimulus, i.e. another word 

• Thesaurus networks: words are 
connected if they are synonymous

Co-occurrence network between 
person names in Reuters news 

Character network in Hugo’s Les 
Miserables

Co-occurrence Network of Reuters News 4

FIG. 1: Strong ties

countries such as Yasuhiro Nakasone (President of Japan).
There are two 4-cliques: {Ronald Reagan, Paul Volcker, James Baker, Alan Greenspan} and {Ronald Reagan,

Paul Volcker, James Baker, Kiichi Miyazawa}. There are two triangles: {Ronald Regan, Kiichi Miyazawa, Yasuhiro
Nakasone} and {James Baker, Karl Otto Poehl, Gerhard Stoltenber}.

We also note two triads that are unconnected from the star sub-network. The triad on the top left are people from
Philippines {President, former president, Finance Minister} and the triad on the top right are people from Brazil
{President, Finance Minister, Chairman of a bank}.

VII. TIME SERIES OF CO-OCCURRENCE

We used the chronological order property of the news articles to compute and visualize the patterns in the time-
series of occurrences of people in the news. 21,578 articles are chronologically sorted and binned into 43 bins of 500
articles each based on their date.

We graph the results. The x-axis, representing the time, is the bin number and the y-axis is the frequency of
occurrence of the person in the news at the corresponding bin. The time series in Fig. 2 (a), shows the occurrence of
Ronald Reagan (President of USA), Yasuhiro Nakasone (President of Japan), and Kiichi Miyazawa (Finance Minister
of Japan). We note the frequency of occurrence of Ronald Reagan never drops to 0. In general, what we observe is
that, for popular people (presidents, politicians, and etc.) there is a continuous occurrence throughout the period.
Some other people (maybe less popular in this sense) make a peak at some point, but later disappear and never
re-occur again. There is an interesting peak at bin 35. Due to space limitation the figure is not provided but when
we look at some other people, James Baker and Paul Volcker also make a peak at that time point. On the other
hand, people from other countries do not have peaks at that point. These patterns might show us that there is an
important event going on between Japan and USA at that time point.

Theory and Applications of Complex Networks 12

Network Example 9: Literature

• Notes = characters in Les Miserables. Links indicate two characters appeared in the same

scene.

• Figure source M.E.J. Newman and M. Girvan, Finding and evaluating community structure in

networks, Physical Review E 69, 026113 (2004).

David P. Feldman College of the Atlantic Fall 2008

Giorgio Fagiolo, Course on Economic Networks.



Social Networks

• Networks where nodes are people and links represent social relationships: a 
huge class of networks (sometimes overlapping with economic networks)

‣ Friendship and acquantainships

‣ Dating and sexual contacts

‣ Collaboration and affiliation: scientists, movie actors, musicians

‣ Criminal networks

‣ Historical networks: marriage and power (Padgett)

‣ Online communities (what today is known as a “Social Network”)

‣ Overlapping between board of directors of companies

‣ Contacts between business people

‣ ... and many more  

Giorgio Fagiolo, Course on Economic Networks.



SNs: High School Friendships

Giorgio Fagiolo, Course on Economic Networks.

Theory and Applications of Complex Networks 3

Network Example 1: High School Friendships

• Nodes = Students, Links = Friendships, Color = Race
• Data: J. Moody, Race, school integration, and friendship segregation in America, American

Journal of Sociology 107, 679-716 (2001).
• Figure: M.E.J. Newman, The structure and function of complex networks, SIAM Review 45,

167-256 (2003). www-personal.umich.edu/˜mejn/networks/

David P. Feldman College of the Atlantic Fall 2008

Ethnic group



SNs: Dating NetworksTheory and Applications of Complex Networks 4

Network Example 1.5: High School Dating Networks

• Data: Peter S. Bearman, James Moody, and Katherine Stovel, Chains of affection: The structure

of adolescent romantic and sexual networks, American Journal of Sociology 110, 44-91 (2004).
• Figure: M.E.J. Newman, The structure and function of complex networks, SIAM Review 45,

167-256 (2003). www-personal.umich.edu/˜mejn/networks/

David P. Feldman College of the Atlantic Fall 2008

Giorgio Fagiolo, Course on Economic Networks.



SNs: Sexual Networks
Theory and Applications of Complex Networks 10

Network Example 7: Sexual Contacts

• Figure source: M.E.J. Newman, The structure and function of complex networks, SIAM Review

45, 167-256 (2003).

• Data from: Potterat et al,, Risk network structure in the early epidemic phase of HIV transmission

in Colorado Springs, Sexually Transmitted Infections 78, i159-i163 (2002).

David P. Feldman College of the Atlantic Fall 2008

Giorgio Fagiolo, Course on Economic Networks.



SNs: Interdisciplinary CollaborationsTheory and Applications of Complex Networks 5

Network Example 2: Interdisciplinary Collaborations

• Nodes = Researchers, Links indicate that the researchers have co-authored one or more papers.

• Figure: M. Girvan and M. E. J. Newman, Community structure in social and biological networks,

Proc. Natl. Acad. Sci. USA 99, 8271-8276 (2002).

David P. Feldman College of the Atlantic Fall 2008

Giorgio Fagiolo, Course on Economic Networks.



SNs: Politics and SustainabilityTheory and Applications of Complex Networks 15

Network Example 12: Politics and Sustainability(!)

• Links are senators or corporations. http://oilmoney.priceofoil.org/.

David P. Feldman College of the Atlantic Fall 2008
Giorgio Fagiolo, Course on Economic Networks.



SNs: Terrorist Networks

Network of terrorists 
involved in 9/11 attack

(Source: http://
www.orgnet.com/

hijackers.html) 

Giorgio Fagiolo, Course on Economic Networks.
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SNs: Historical Networks

Padgett: Family relationships in Renaissance Florence (1300-1500). Padgett’s data contains 
information on about 60,000 persons: 10,000+ marriages, 14,000+ loans, 3,000+ business 

partnerships/firms, 40,000+ tax records, 12,000+ political-office elections.
Giorgio Fagiolo, Course on Economic Networks.



Online Social Networks: FB 
• Characterizing the entire social network of active members of Facebook in May 

2011, a network then comprised of 721 million active users

• Given that the world’s population was around 6.9 billion people in May 2011, 
this means that this network includes roughly 10 percent of the world’s 
population

• There are 68.7 billion friendship edges, so the average Facebook user in these 
studies had around 190 Facebook friends

• The degrees of separation between any two Facebook users is smaller than the 
commonly cited six degrees, and has been shrinking over the past three years as 
Facebook has grown. 

• While the entire world is only a few degrees away, a user’s friends are most 
likely to be of a similar age and come from the same country

• Only 10% of people have less than 10 friends, 20% have less than 25 friends, 
while 50% (the median) have over 100 friends

• See http://arxiv.org/abs/1111.4503 and http://arxiv.org/abs/1111.4570 

Giorgio Fagiolo, Course on Economic Networks.
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SNs: Interlocking Directorates

The network structure among directors (circles) who form part of the largest group of interconnected directors. Two 
directors are connected if they are members of the same board. The solid circles refer to women, whereas the hollow circles 

refer to men. Source: interpersonal network among Norwegian directors (Opsahl and Seierstad, 2009)

Giorgio Fagiolo, Course on Economic Networks.



Economic Networks

• Networks where nodes are economic agents (individuals, firms, consumers, 
organizations, industries, countries, etc.) and links mostly represent market 
interactions

• Main economic-network (somewhat overlapping) classes:

‣ Trade (goods and services) networks

‣ Investment Networks (FDI, i.e. M&A, Green Field)

‣ Migration and Travel Networks 

‣ Financial networks

‣ Firm networks

‣ Labor-market networks

Giorgio Fagiolo, Course on Economic Networks.



Trade Networks

• International Trade Network (aka World Trade Web): nodes are countries and 
links represent (product specific) import/export relationships 

• Product-Space Network: Nodes are products. Node size is the size of the 
market for a given product. Links represent similarity between products: similar 
products are more likely to be exported in tandem.

• Trade Agreement Network: Nodes are countries and links represent RTAs 
(bilateral, multilateral) in force between them at a given point in time.

Giorgio Fagiolo, Course on Economic Networks.



The International-Trade Network (Year: 2000)

Source: Fagiolo (2010). 
Notes: Only largest 1% link weights reported. Node size proportional to country GDP. Node Shape: Continent 

Giorgio Fagiolo, Course on Economic Networks.



The Product-Space Network

Giorgio Fagiolo and Javier Reyes, The World-Trade Web Cambridge 2009

Background: Product Space (Hidalgo et al. 2007)

Introduction Preliminaries Results Conclusions

• Source: Hidalgo et al. (2007) 

• More-sophisticated products are 
located in a densely connected 
core whereas less-sophisticated 
products occupy a less-connected 
periphery. 

• Countries tend to move over time 
through the product space by 
developing goods close to those 
they currently produce. 

• Most countries can reach the core 
only by traversing empirically 
infrequent distances, which may 
help explain why poor countries 
have trouble developing more 
competitive exports and fail to 
converge to the income levels of 
rich countries.

Giorgio Fagiolo, Course on Economic Networks.



Investment Networks

• Foreign Direct Investment (FDI): Investment of foreign assets into domestic 
structures, equipment and organizations. 

• Main classes: M&A or green-field investment  

• FDI: Nodes are countries. Node size is the size of the country. Links represent 
the value of FDI (M&A or GF, or both) that firms of the origing country do into 
the target country

Giorgio Fagiolo, Course on Economic Networks.



Migration and Travel Networks
• Migration data record stock of people born in a given country that are present 

at a given point of time in another country, disaggregated by nationality, age, 
gender, etc. 

• Data record stocks, not flows... they measure the cumulative effect of 
migrations, not their actual unfolding process

• Migration network: Nodes are countries. Links are weighted by the number of 
people born in the origin country and present at a given point in time in the 
target country

Giorgio Fagiolo, Course on Economic Networks.

• Travel data: Gathered by World Tourism organizations, measure the flows of 
people traveling for leisure or business and leaving from any origin country and 
arriving in any destination country in a given time interval (year)

• Employed to proxy human capital flows in growth exercises

• Travel network: Nodes are countries. Links are weighted by the number of 
people traveling from originating country and arriving in destination country in 
a given year. 



Financial Networks (I)

• Networks where nodes may 
be banks, financial 
institutions, countries, private 
companies, but also stocks, 
bonds, and other financial 
products; and links represent 
financial relations or 
correlation between market-
behavior indicators

• Interbank network: nodes are 
banks operating in a certain 
market and an edge from 
bank X to bank Y is there if 
bank X borrows liquidity 
from bank Y 

every month !on the 23rd day". The day in which this hap-
pens !also indicated as end of month or EOM" witnesses a
frantic activity of the banks. Interestingly, regardless of the
change in volumes all the above topological measurements
remain similar when computed in different days of the
month.

We try to understand if there are some banks with similar
behavior and if they have some properties in common. We
have been able to identify specific features for banks of dif-
ferent capital size. In fact for each bank we know only its
category !small, medium, large, very large" based on the
capital of the banks !as recorded by Bank of Italy". Never-
theless we observe that this classification is strongly corre-
lated with the total amount of daily volume of transactions:
we use this latter quantity as it is strictly related to capital
size. Using this quantity we can divide banks into four
groups !same number of classes of the Bank of Italy classi-
fication": Group 1 with volume in the range 0–23 million
Euro per day, group 2 in the range 23–70 million Euro per
day, group 3 in the range 70–165 million Euro per day, group
4 over 165 million Euro per day. In this way we find an
overlap of more than 90% between the two classifications.

Using this information we realized a picture of the system
as an oriented network whose size and color of the vertices
represent the different groups that play the role of communi-
ties when described by means of a network. As evident from
Fig. 1 we find that the core of the structure is composed by
banks of the last groups !very large". The edges in Fig. 1
represent the net amount of money exchanged in a whole
day. As mentioned above the measurements in different days
give similar results. A more quantitative measure of the dif-
ferent behavior of banks from different groups is given in
Table I, where for every pair of groups we reported the mean
percentage of the total number of transactions between banks
of those groups. This result is confirmed by the first two plots
of Fig. 2, where we represented in-degree frequency distri-
bution !number of borrowing edges" and the out-degree

frequency distribution !number of lending edges" in the net-
work !experimental distributions are obtained on an en-
semble of daily networks". It is possible to compute the
group of the banks whose degree is k. We represented this
information by coloring accordingly the plot. We have sepa-
rated informations about degree and volumes of different
banks. Interestingly we note that the degree and the volume
are correlated #22$, since v!k"%k1.1 !see Fig. 3".

With respect to the scale of colors in Fig. 1, we also added
some intermediate colors to account for the values between
one group and another. The tail of the two distributions is
black, i.e., it is mainly composed by banks of group 4. We
again find that banks of groups 1 and 2 are the leaves of the
network, staying at periphery of the structure and not inter-
acting with each other. This particularity together with the
experimental evidence that they are more lenders on average
means that banks of these groups are the lenders for the
whole system.

The role of the different groups is shown in Fig. 4. An-
other measure of the clustering of banks in different groups
is given by the volume-volume correlation vnn!v", that is the
average value vnn of the neighbors of a vertex whose volume
is v, In fact we find that vnn!v" is the superposition of a

FIG. 1. !Color online" A plot of the interbank network. The
group of the vertices !banks" goes from light !group of small banks"
to dark !large banks" !the color codes for the various groups are the
following: 1=yellow, 2=red, 3=blue, 4=black". Note that the dark-
est vertices !bank of group 4" form the core of the system.

TABLE I. The number of daily interactions between the banks
of different groups. Data have been averaged during 1 month.

Group 1 2 3 4

1 0 6 4 8
2 6 3 8 17
3 4 8 5 27
4 8 17 27 22

FIG. 2. !Color online" A plot of the out-degree and in-degree !in
the inset" distributions, respectively. As already noticed, the contri-
bution to the tail of frequency distribution emerges from the banks
of group 4. Using the division in four groups, we determine the
average group of each bin of F!k". Every bin is then represented
with a particular color and/or texture according to the value of the
group obtained. For noninteger value of this average we introduced
intermediate colors.

DE MASI, IORI, AND CALDARELLI PHYSICAL REVIEW E 74, 066112 !2006"

066112-2

Source: De Masi, Iori, Caldarelli (2006)

Giorgio Fagiolo, Course on Economic Networks.



Financial Networks (II)

• Stock ownership networks: 
nodes are companies or 
financial institutions traded 
on a stock market and 
directed, weighted links 
indicate that a company owns 
a portion of the other

• Board of directors and 
interlocking directorates

• The macro IFN: nodes are 
countries and links represent 
debt held by a given country 
and issued by another 
country (see Schiavo, Fagiolo, 
Reyes, 2010, QF)

Source: Schweitzer et al. (Science, 2009)
regional integration within the global economy
and do so better than traditional international trade
and macroeconomic statistics (17). This is also
because the latter do not account for the entire
network topology but only consider bilateral di-
rect trade links. For example, between 1980 and
2005 East Asian countries experienced huge in-
creases in their centrality scores, but the centrality
ranking of most Latin American countries fell. The
trade statistics of these regions, however, displayed
similar patterns. In other words, these astonish-
ingly different development records were not well
tracked by international trade and macroeconom-
ics statistics. Thus, network-based approaches may
provide a more powerful way to manage, monitor,
and govern complex economics systems.

However, a focus on centrality or other such
properties of networks can only provide a first-
order classification that emphasizes the role of
fluctuations and randomness and cannot predict
the underlying dynamics of the agents, whether
they are firms or countries. We anticipate that the
next generation of research will be able to mea-
sure any deviations from universality and will
allow us to identify the idiosyncrasies associated
with individual agent dynamics and their decision-
making processes. This new wave of research
should begin to merge the description of indi-
vidual agents strategies with their coevolving

networks of interactions. We should then be able
to predict and propose economic policies that
favor networks structures that are more robust to
economic shocks and that can facilitate integra-
tion or trade. Below, we briefly describe what is
needed to tackle this endeavor.

Massive data analysis. Our ability to obtain
more and better quality data will foster the tran-
sition from a qualitative to a quantitative and
evidence-based science. As computational power
increases, large-scale network data can be gath-
ered for different levels of the economy (e.g.,
firms, industries, and countries), and models can
be tested through the generation of large, syn-
thetic, data sets. New processing methods should
open a wide range of business data and internet
communication that can be exploited. It will then
be possible to gather individualized data on spe-
cific interactions over time such as employee flows,
R&D collaborations, and so on within a business
or firm-bank credit market interactions. These large
data streams require more powerful tools to digest
and manipulate the huge scale of available infor-
mation reflecting agent interactions and network
properties. Databases containing this information
may therefore complement both theoretical eco-
nomic network experiments (18, 19) and empirical
economic network studies (20, 21) and provide
large-scale observations in real-time (22).

Time and space. By allowing a time-dependent
resolution of the properties of economic net-
works, we will be able to move beyond a single-
snapshot approach. This will allow the researcher
to identify the evolutionary path of networks
through the combination of complementary infor-
mation sources. A good illustration of this is pro-
vided by the R&D networks in the field of human
biotechnology (20), which follow a predictable
life cycle related to the timing of the exchange
and integration of knowledge.

Structure identification. Extracting network
topology from reported data, in particular for ag-
gregated economic data, is very difficult. This is
particularly true for the banking sector, where
detailed accounts of debt-credit relations are not
publicly available, although theoretical decom-
positions of aggregated data have been studied
(13). Even then, analyses may resemble reading
tea leaves and reveal only previously known or
predicted information. Statistical regularities in eco-
nomic networks can be identified through large-
scale data sets, but difficulties in assessing the
relevance of the various measures remain. In an
evolving economic network, we require informa-
tion about agents’ roles, their function and their
influence (23). New methods are needed to iden-
tify patterns, and new concepts are needed to
quantify both direct and indirect influence (e.g.,
through ownership). The identification in the ITN
of such roles based on similar positions in the net-
work suggests that promising steps have begun to
identify functional roles played by interactive agents
that relate to specific patterns in the link structure
of their multirelational interaction network (24).
Mapping a large network as a homologous small
one, with statistically optimal sets of distinctive roles,
gives a statistical correspondence in the case of the
ITN world alignments for New World–Afro–East
Asian versusNorth andCentral Eurasia alignments
by cross-cutting each of their interconnected cores,
semiperipheries, and peripheries, as in world sys-
tem models, but with much greater precision.

Beyond simplicity. All economic networks are
heterogeneouswith respect to both their agents and
interaction strength and can also strongly vary in
time (25). Previous studies of efficient (i.e., not
wasteful) and equilibrium (or strategically stable)
networks assumed homogeneity. However, as the
differences between weighted and unweighted
network properties indicate for the ITN case (14),
any prediction of phase transitions may fail under
these simplified assumptions. In fact, heterogene-
ities of agents can turn out to prevent phase tran-
sitions, i.e., become a source of stability.

Systemic feedbacks. Simple amplification
mechanisms (such as herding) can dominate the
network dynamics at large, despite the best in-
tentions of the agents. Economic networks are
subject to amplifications that may result from the
redistribution of the load if one node fails (e.g.,
electricity in a power grid or credit debt in a bank-
ing network). If a single node fails, it may force
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Fig. 2. A sample of the international financial network, where the nodes represent major financial
institutions and the links are both directed and weighted and represent the strongest existing relations
among them. Node colors express different geographical areas: European Union members (red), North
America (blue), other countries (green). Even with the reduced number of links displayed in the figure,
relative to the true world economy, the network shows a high connectivity among the financial in-
stitutions that have mutual share-holdings and closed loops involving several nodes. This indicates that
the financial sector is strongly interdependent, which may affect market competition and systemic risk
and make the network vulnerable to instability.
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Pushing Networks to the Limit
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Financial Networks (III)

• Stock-price correlation 
networks: nodes are stocks 
quoted e.g. in NYSE or 
Nasdaq, weighted undirected 
links represent correlation 
between logarithmic stock 
price returns (i.e. variation of 
log of stock price) over time

• Build a MST: start from max 
correlation; connect two 
nodes involved; proceed along 
the list of correlation values, 
ranked from highest to lowest 
until we connect all nodes 
(no cycles allowed)

Source: Mantegna (1996)

R.N. Mantegna: Hierarchical structure in financial markets 195

ALD

BS

S

CAT

AA

GT AXP

JPM

MMM

T

UTX IBM GM
BA

DIS

WX
EK

MCD

MRK
Z MO

KO
PG

GE DD

UK

XON

TX

CHV

IP

a)

0.9

1.0

1.1

1.2

1.3

d<
(i,
j)

S Z
IB
M G
T

W
X

EK AL
D

BS UK DI
S

AX
P

XO
N

TX CH
V

CA
T

UT
X

BA G
M

M
O

AA IP
JP
M

M
RK DD T

M
CD

M
M
M

G
E

PG KO

b)

Fig. 1. (a) Minimal spanning tree connecting the 30 stocks used to compute the Dow Jones Industrial Average. The 30
stocks are labeled by their tick symbols. The distance between the stocks is bounded as: CHV-TX 0.90 < d(i, j)  0.95;
XON–TX 0.95 < d(i, j)  1.00; KO-PG 1.00 < d(i, j)  1.05; MMM–GE–KO, DD–GE–T, AA–IP and MRK–KO–MCD
1.05 < d(i, j)  1.10; CAT–IP–MMM, AXP–JPM–GE–GM, BA–GE–UTX, DD–XON and MO–PG 1.10 < d(i, j)  1.15; DIS–
GE–EK, DD–UK, BS–IP–ALD and GE–WX 1.15 < d(i, j)  1.20; AA–GT, GE–IBM, KO–Z and IP–S 1.20 < d(i, j)  1.25. (b)
Hierarchical tree of the subdominant ultrametric space associated with the minimal spanning tree of a). In the hierarchical tree,
several groups of stocks homogeneous with respect to the economic activities of the companies are detected: (i) oil companies
(Exxon (XON), Texaco (TX) and Chevron (CHV)); (ii) raw material companies (Alcoa (AA) and International paper (IP)) and
(iii) companies working in the sectors of consumer nondurable products (Procter & Gamble (PG)) and food and drinks (Coca
Cola (KO)). The ultrametric distance at which individual stocks are branching from the tree is given by the y axis.

economic point of view. In particular, by assuming this
kind of hierarchical organization, I am able to isolate
groups of stocks, which make sense from an economic
point of view by starting from the information carried
by the time series of price only. The classification of the
groups of stocks obtained with my analysis of the corre-
lation coe�cients is performed by using the industry and
subindustry sectors reported in the Forbes 49th annual
report on American industry. In Figure 1a, I show the
minimal spanning tree for the DJIA portfolio of stocks.
Each circle represents a stock, labeled by its tick symbol.
Segments are linking connected stocks. The approximate
distance between stocks is given in the figure caption. In
Figure 1b the hierarchical tree of the subdominant ultra-
metric [18] associated to the MST is shown. An inspec-
tion of the MST and of the associated hierarchical tree
shows the existence of three groups of stocks. The observed
grouping has a direct economic explanation. The more ev-
ident and strongly connected group is the group of stocks
CHV, TX and XON namely Chevron, Texaco and Exxon.
These three companies are working in the same industry
(energy) and in the same subindustry (international oils).
AA and IP, namely Alcoa (working in the subindustry sec-
tor of nonferrous metals) and International Paper (work-
ing in the subindustry sector of paper and lumber) form
a second group. Both companies provide raw materials.
The third group involves companies which are in industry
sectors which deals with consumer nondurables (Procter
& Gamble, PG) and food drink and tobacco (Coca Cola,
KO).

The same investigation is repeated for the set of stocks
used to compute the S&P 500 index. In this case the larger

size of the portfolio allows to perform a more refined test of
the detected hierarchical structure of stocks. In my analy-
sis, I considered only the companies which were present in
the S&P 500 index for the entire period investigated. With
this constrain the portfolio is composed of 443 stocks. Due
to the size of the portfolio investigated, the obtained min-
imal spanning tree cannot be shown in a single figure in
a legible way. As an illustrative example, I show a part of
the MST in Figure 2. A group of financial services, capital
goods, retailing, food drink & tobacco and consumer non-
durables companies is observed in this strongly connected
group of stocks. The portfolio of stocks used to compute
the S&P 500 index is characterized by a hierarchical struc-
ture of stocks which is much more detailed than the one
observed in the case of the DJIA portfolio. The structure
of the minimal spanning tree of the portfolio of stocks of
the S&P 500 index shows many groups of stocks which
are homogeneous from an economic point of view. A de-
tailed inspection of the hierarchical tree associated to the
MST provides a large amount of economic information.
It is impossible to put in a single legible figure the com-
plete hierarchical tree of a so broad portfolio. In Figure 3,
I then show only the branching of the tree up to the level
of homogeneous groups. This means lines in the hierarchi-
cal tree shown in Figure 3 are always ending in a group of
stocks which contains at least 2 stocks (but usually more).
The branches of single stocks departing from the tree are
not shown to make the figure readable. In the caption
of Figure 3, I give details about industry sectors and/or
subsectors of stocks belonging to the groups shown in the
figure. With only a few exceptions the groups are homoge-
neous with respect to industry and often also subindustry
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Firm Networks (I)

• Firm strategic-alliance 
networks: links represent 
official firm strategic alliances 
in different industries. The 
structure of network alliances 
may affect their potential for 
knowledge creation

• Other firm networks: 
ownership and control, who 
owns who, etc. 

Source: Schilling and Phelps (2007)
Giorgio Fagiolo, Course on Economic Networks.



Firm Networks (II)

• Inter-firm transaction networks: nodes are firms and directed links represent 
transactions for goods and services (excluding financial transactions, sales to 
customers, government and foreign market). Data very difficult to get. Example: 
Ohnishi et al. for Tokyo, Japan

E. Giuliani, M. Bell / Research Policy 34 (2005) 47–68 57

Table 4
Correlation between external openness and absorptive capacity (non-
parametric correlation: Kendall tau b coefficient)

Average
absorptive
capacity

External openness (above the average) (n= 10) 0.74
External openness (on the average) (n= 10) 0.07
External openness (below the average) (n= 12) −0.67
Kendall tau b correlation between external openness
and absorptive capacity

0.45**

Source: Authors’ own data.
∗∗ Coefficient is significant with p< 0.01.

are cognitively closer to extra-cluster knowledge and
can, therefore, operate more easily than other firms as
interfaces or nodes of connection of the cluster with the
external environment.

5.2. Local inter-firm knowledge exchange: how
cognitive positions vary in the cluster

It is also evident that firms do not participate in
the local knowledge system in an even and homoge-
neous way. Visual inspection (see Fig. 1) suggests that
firms tend to interconnect differently to one another:

in particular one group of firms (centre of the figure)
are linked, transferring and receiving knowledge from
each other. In contrast, another group of firms (top left)
remain cognitively isolated.
In order to test whether firms that were more cog-

nitively interconnected in the cluster knowledge sys-
tem also had higher absorptive capacities (Hypothesis
2(a)), we ran a second correlation test. As indicated in
Table 5, this indicated statistically significant relation-
ships between the absorptive capacity and the different
centrality indexes.
The variation between the different correlation

statistics is also illuminating. We observe that among
these the highest correlations are between absorp-
tive capacity and Out-degree centrality, with both di-
chotomous and valued data (Kendall tau b = 0.523 and
0.532). This suggests that absorptive capacity influ-
ences the propensity of firms to transfer knowledge to
other local firms and hence to be net ‘sources’ of tech-
nical knowledge within the cluster system. For the In-
degree centrality and betweenness indexes, the correla-
tions are weaker, but still significant. This suggests that
even at lower levels of absorptive capacity, firms might
be linked to the local knowledge system, provided that
a minimum absorptive capacity threshold is reached.

Fig. 1. The local knowledge system in the Colchagua Valley: a graphical representation source: UCINET 6 on author’s own data. Note: An
arrow from i to j indicates that i transfers knowledge to j. The diameter of the nodes is proportional to firms’ absorptive capacity.

• Knowledge diffusion 
networks:  Nodes are 
firms in a certain area 
(e.g. industrial cluster) 
and links proxies 
(tacit) knowledge and 
information 
exchanged between 
firms.

• Example: Giuliani 
(several papers) and 
the wine industry in 
Colchagua Valley 
(Chile) 
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Labor Market Networks

• Granovetter (1973): the strength 
of weak ties and the importance 
of informal contacts in finding 
employment

• Labor mobility networks: Building 
(bi-partite) networks using data 
on establishments at which 
people work and how do they 
change in time (data on employer-
employee matching data at the 
establishment level)

Giorgio Fagiolo, Course on Economic Networks.



Why Networks in Economics

• Level 1. Data description: Characterize in a new way 
economic data, so as to ehnance interaction structure 
between economic agents 

• Level 2. Explanation:  Write models to explain why the 
structure of networks looks like it is   

• Level 3. Implications: Understand empirically or 
theoretically how the structure of networks may influence 
what happens over the networks (node behavior)

Giorgio Fagiolo, Course on Economic Networks.



Level I: Data Description (I)

• Using data about socio-economic relations to build a 
representation of the system and its dynamics in terms of 
a time-sequence of networks

• Use graphical tools to visualize the sequence of networks

• Visualization almost always not enough: Compute a set of 
ad hoc network statistics to provide an empirical 
characterization of the network sequence

• Identify “structural (topological) properties” of the 
network sequence, i.e. stable and robust statistical 
properties of network statistics (stylized facts?)

Giorgio Fagiolo, Course on Economic Networks.



Level I: Data Description (II)

• Can we provide a characterization of network structure and 
topological properties through a set of network statistics? 
Which statistics?

• Do different networks exhibit different or similar structural 
properties? How can we tell if two networks are “different”?

• Are there useful ways to characterize or categorizing 
networks?

• Are there network “universal” properties characterizing 
biological, technological, social and economic networks? 
What if they exist?

• A phenomenological approach...

Giorgio Fagiolo, Course on Economic Networks.



Level I: Data Description (III)

• How many connections does a node have? Are some nodes 
more connected than others? Is the entire network 
connected?

• Are the partners of my partners likely to be very connected 
on average? Are they connected themselves?

• How much central a node is in the network? Are there 
nodes more central than others?

• How do networks change through time? 

• Are there clusters or groupings within which the 
connections are particularly strong?

Giorgio Fagiolo, Course on Economic Networks.



Level 2. Explanation

• Data can help us to understand how real-world networks 
evolve and how they look like.

• Can we write models of network evolution that are able to 
reproduce and explain observed network properties?

• Three perspectives: 

• Null models

• Stochastic network evolution 

• Incentive-based (game-theoretic) models

Giorgio Fagiolo, Course on Economic Networks.



Level 3: Implications

• Dynamics of networks: Do networks properties change 
over time? What are the long-run properties of such an 
evolving process? Can we write models to explain how 
networks evolve and how they got like they are?

• Dynamics over networks: Assume to hold fixed the 
properties of a network. Do different network structures 
affect the way in which processes going on over networked 
systems evolve?

• Are the two dynamics coupled?

• Examples: Trade and growth, finance and crises spreading, 
migration and trade, etc.

Giorgio Fagiolo, Course on Economic Networks.



So... Why Networks in Economics ?

• Networks are about direct interactions: an often-neglected 
issue in economics: from general equilibrium to game theory

• Network theory: bringing back the focus on interactions 

• Hint to economic systems as complex evolving systems

• Consequences for macro models: 

• interactions (and their very structure) do matter... 

• some assumptions (representative-individual, “vacuous” 
spaces) may be over simplifying ones

• simple linear representations of economic systems 
might not always work!

Giorgio Fagiolo, Course on Economic Networks.



Networks and Econometrics

• Does econometrics have any role in network studies? YES

• Detecting the determinants of network properties: fitting 
econometric models using information on node-specific 
(non network) properties to explain network properties

• Detecting the implications of network properties: fitting 
econometric models to predict and understand what is the 
effect of network properties on node-specific variables

• Endogeneity problem: network structure may influence what 
is going on at the level of nodes, but the latter may in turn 
shape network properties. Example: trade and growth.
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Running Examples

• International Trade Network (ITN)

• Also:

• International Financial Network (IFN)

• International Migration Network (IMN)



The World-Trade Web (WTW)

• World-Trade Web (WTW) aka Int’l Trade Network (ITN)

• Network representation of international-trade flows among 
world countries in a given year

• Many years available (1950-2007)

• Countries = nodes

• Links = trade (import/export) relationships

USA

LUX

Country

Trade relation



The World-Trade Web (WTW)
• Main Source: COMTRADE. Many “cleaned” sources  available 

online (Feenstra, Gleditsch, Subramanian & Wei, Rose, 
baci@cepii, etc.)

• Data: Imports of country i from country j in year t for 
commodity-class h (HS, SITC)

• Nodes: heterogeneous in their country-specific characteristics 
(GDP, population, geo position, …)

USA

LUX

Node shape 
identifies 
continent

Node size 
proportional to 

GDP



The World-Trade Web (WTW)

• Links defined as binary trade relationships: existence of 
non-zero trade flows

USA

LUX
Trade relation

USA

LUXExport/import 
relations



The World-Trade Web (WTW)

• Link weights defined by total bilateral flows (undirected) 
or directed import flows (always deflated)

USA

LUXTotal Export 
from USA to 

LUX

Total Export 
from LUX to 

USA

USA

LUXTotal bilateral 
flow (exports 
plus imports) 
btw USA and 

LUX



The World-Trade Web (WTW)

• Aggregate vs commodity-specific multi-network
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The World-Trade Web (WTW)

Source: De Benedictis & Tajoli (2008) 



The World-Trade Web (WTW)

Source: De Benedictis & Tajoli (2008) 



The weighted-undirected WTW in 2000

Source: Fagiolo (2010). 
Notes: Only largest 1% link weights reported. Node size proportional to country GDP. Node Shape: Continent 



Why a complex-network approach to int’l trade?

• A different statistical characterization of trade flows 
emphasizing relations, structure, holistic 
representation, ... can it add any “fresh” insights on what 
we already know about int’l trade stylized facts?

• Studying weighted trade paths in the WTW is important 
as they may proxy interaction channels between world 
countries (Abeysinghe & Forbes, 2005)

• Topological properties of WTW explain spreading of 
crises, overall impact of economic shocks; and country-
growth dynamics (Kali and Reyes, 2009a,b)



The International-Financial Network (IFN)

• Main source of data: Coordinated Portfolio Investment Survey 
(CPIS), collected by the International Monetary Found (IMF)

• Data include cross-border portfolio investment holdings of 
equity securities, long-term debt securities and short-term 
debt securities listed by country of residence of issuer

• We build a 5-layer weighted-directed multigraph, where each 
directed link is weighted by the value of security issued by the 
origin node and held by the target

• We have complete bilateral data for roughly 70 countries for 
the period 2001–201



The IFN: What’s in the data

• Year’s end holdings of securities reported at the economy level, 
from the asset side (more reliable than liability side)

• Equity, long-term and short-term debt instruments

• Securities held as reserve assets

• Securities held by international organizations

• What’s NOT in the data

• FDIs, Loans, Holdings of domestic securities (issued 
and held by residents of the same country), Securities 
acquired under reverse repurchase agreements



The IFN

Data and Methods

The IFN

The Financial Network Literature Financial Contagion IFN Network of Corporate Control Correlation-based Networks Miscellanea Appendix

Methodology

We build a 5-layer weighted-directed multigraph, where each directed link is
weighted by the value of security – in millions of current dollars – issued by the
origin node and held by the target:

TPI = Total Portfolio Investments, i.e. the graph is built considering of all the financial exposures between countries. ES = Equity Securities,

i.e. consider only equity securities. TDS = Total Debt Securities, i.e. consider only debt securities. LTDS = Long-term Debt Securities, i.e

consider only long-term debt securities. STDS = Short-term Debt Securities, i.e. consider only short-term debt securities.
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The IFN
Data and Methods

The IFN

to investigate the structural properties of domestic (e.g. Cocco et al., 2009) and cross-border

interbank networks (e.g. von Peter, 2007). Recently, Hale (2011) has built a global banking

network of almost 8,000 large institutions in 141 countries, and found that link formation slows

down during global financial crises.

In this paper we focus on the country, rather than bank level (in a way simlar to Schiavo

et al., 2010; Minoiu and Reyes, 2011), and we provide evidence on how the topology of their

financial relationships can help us understand what happened after the financial shocks of

2008. We define the International Financial Network (IFN) as a macro weighted-directed

(multi) graph where nodes are countries joined by weighted-directed links that connect the

issuing country to the holder of the security (possibly disaggregated by type). That is, we have

an outgoing link starting from the issuing country (debtor) and reaching the holding country

(creditor) as shown in Figure 1. By taking a network perspective to the study of the financial

crisis, we assess the impact of the crisis on the topological properties of the IFN, and we show

how network indicators can help explaining cross-country differences in the severity of the crisis.

A B

C D

wdbwbd

wad

wab

wdc

Figure 1: International Financial Network (IFN): a macro weighted-directed graph where nodes
are countries joined by directed links. Links connect issuing country to security holder. For
example, A issues securities held by B and D (i.e. A is a debtor of B and D) where wab and
wad are the values of such securities in (millions of) current dollars.

With respect to this last point, the paper refers to the whole literature that has flourished in

the last couple of years, aiming at explaining the cross-sectional difference in crisis intensity (see

Berkmen et al., 2009; Blanchard et al., 2010; Claessens et al., 2010; Rose and Spiegel, 2010, 2011;

Frankel and Saravelos, 2011; Lane and Milesi-Ferretti, 2011; Giannone et al., 2011, to quote just

a few). In turn, this is part of a broader effort targeted at establishing an Early Warning System

(EWS) capable of signaling the building up of system risk in international financial markets,

mainly at the country level. Different official sources have called for engineering effective EWSs:

3

Links connect issuing country to security holder. For example, A issues secu-
rities held by B and D (i.e. A is a debtor of B and D) where wab and wad are the
values of such securities in (millions of) current dollars.
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The International Migration Network (IMN)

• Nodes are world countries (N=226)

• Link weights represent stock of emigrants (1960-2000)

ITA

GER
Stock of people born in ITA 
and currently living in GER

Stock of people born 
in GER and currently 

living in ITA



What’s Next

• What is a network? Examples of networks

• Why networks are important for economists?

• Networks and Graphs

• Measures and metrics on networks

• Distributions of metrics and measures in large networks

• Modeling Networks

• Economic applications  

Giorgio Fagiolo, Course on Economic Networks.


