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THE FIRST LINK

Introduction

FEBRUARY 7, 2000, SHOULD HAVE BEEN a big day for Yahoo. Instead of
the few million customers that daily flock to the Internet search engine,
billions tried to enter the site. Such exploding popularity should have
turned the company into the most valuable asset of the new economy.
There was a problem, however. They all arrived at the exact same time
and not one of them asked for a stock quote or a pecan pie recipe.
Rather, they all sent, in scripted computer language, the message “Yes, |
heard you!” Yahoo, as far as it could tell, had said nothing. Neverthe-
less, hundreds of computers in Yahoo'’s Santa Clara, California, head-
quarters were kept busy responding to these screaming ghosts, while
millions of legitimate customers, who wanted a movie title or an airline
ticket, waited. I was one of them. Naturally I had no idea that Yahoo
was frantically busy serving ten billion ghosts. I was patient for about
three minutes before [ moved to a more responsive search engine. The
next day the royals of the Web, Amazon.com, eBay, CNN.com, ETrade,
and Excite, fell under the same spell: They too were obliged to serve
billions of ghosts making the same fruitless inquiry that had handi-
capped Yahoo. True consumers, with shiny credit cards ready for pur-
chases, were forced to wait on the sidelines.

Of course, getting billions of real computer users to type
“Yahoo.com” into their browser at precisely 10:20 Pacific Standard

Time is impossible. There are simply not enough computers around.
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Early news reports construed the shutdown of the leading e-commerce
sites to be the work of a group of sophisticated hackers. The consensus
was that these renegade geeks, fascinated by the challenge of outsmart-
ing sophisticated security systems, had hijacked hundreds of computers
in schools, research labs, and businesses and turned them into zombies,
telling Yahoo thousands of times, “Yes, I heard you.” Every second, huge
amounts of data were thrown at this prominent Website, much more
than it could ever handle. The massive denial-of-service attack Yahoo
was experiencing set off a much-publicized international hunt for the
hackers responsible.

Surprisingly, the high-profile operation of the Federal Bureau of
Investigation did not lead to the much-anticipated cyberterrorist organ-
ization. Instead, the FBI arrived at the suburban home of a Canadian
teenager. Investigators eavesdropping on an Internet chat room over-
heard the teen soliciting suggestions for new targets to attack. He was
caught bragging.

Hiding behind the pseudonym MafiaBoy, this fifteen-year-old suc-
cessfully halted the operations of billion-dollar companies with access
to the best computer security experts in the world. Was he a contempo-
rary David who, armed with the humblest of home computer slingshots,
beat the mega-Goliaths of the information age? In hindsight, experts
agree on one thing: The attacks were not the work of a genius. They
were executed using tools available to anybody on various hacker Web-
sites. MafiaBoy’s online antics revealed him to be a rank amateur,
whose sloppy trail led the police right to his parents’ door. In fact, his
actions were more reminiscent of a Goliath than David: Lacking the
know-how to penetrate any of the sites he attacked and clumsy and
slow on his feet, he only managed to take down easy targets, obviously
vulnerable computers from universities and small companies, which he
simply instructed to bombard Yahoo with messages.

One can imagine a fifteen-year-old boy behind his bedroom door,
in the glow of his computer, finding sweet satisfaction in the protracted
“Yes, 1 heard you!” hurled at Yahoo. He must have screamed that phrase
himself a million times when Mom or Dad called him to come to din-
ner or take out the trash. The attack succeeded with brute force, a lot of
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nerve, and little sophistication. But this is exactly what makes us won-
der, how could this teenager’s actions take out the largest corporations
of the new economy? If a mere youth can wreak havoe on the Internet,
what could a small group of trained and skilled professionals achieve?
How vulnerable are we to such attacks?

1.

The early Christians were nothing more than a renegade Jewish sect.
Regarded as eccentric and problematic, they were persecuted by both
Jewish and Roman authorities. There is no historical evidence that
their spiritual leader, Jesus of Nazareth, ever intended to have an im-
pact beyond Judaism. His ideas were difficult and controversial enough
for Jews, and reaching the gentiles seemed particularly hopeless. As a
starter, those non-Jews who wanted to follow in his footsteps had to un-
dergo circumcision, had to obey the laws of contemporary Judaism, and
were excluded from the Temple—the spiritual center of early Jewish
Christianity. Very few walked the path. Indeed, reaching them with the
message was almost impossible. In a fragmented and earthbound society
news and ideas traveled by foot, and the distances were long. Christian-
ity, like many other religious movements in human history, seemed
doomed to oblivion. Despite the odds, close to two billion people call
themselves Christian today. How did that happen? How did the un-
orthodox beliefs of a small and disdained Jewish sect come to form the
basis of the Western world’s dominant religion?

Many credit the triumph of Christianity to the message offered by
the historical figure we know today as Jesus of Nazareth. Today, market-
ing experts would describe his message as “sticky”—it resonated and
was passed down by generations while other religious movements fizzled
and died. But credit for the success of Christianity in fact goes to an or-
thodox and pious Jew who never met Jesus. While his Hebrew name
was Saul, he is better known to us by his Roman name, Paul. Paul’s life
mission was to curb Christianity. He traveled from community to com-
munity persecuting Christians because they put Jesus, condemned by
the authorities as a blasphemer, on the same level as God. He used
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scourging, ban, and excommunication to uphold the traditions and to
force the deviants to adhere to Jewish law. Nevertheless, according to
historical accounts, this fierce persecutor of Christians underwent a
sudden conversion in the year 34 and became the fiercest supporter of
the new faith, making it possible for a small Jewish sect to become the
dominant religion in the Western world for the next 2,000 years.

How did Paul’s efforts succeed? He understood that for Christianity
to spread beyond Judaism, the high barriers to becoming a Christian
had to be abolished. Circumcision and the strict food laws had to be re-
laxed. He took his message to the original disciples of Jesus in Jerusalem
and received the mandate to continue evangelization without demand-
ing circumcision.

But Paul understood that this was not enough: The message had to
spread. So he used his firsthand knowledge of the social network of the
first century’s civilized world from Rome to Jerusalem to reach and con-
vert as many people as he could. He walked nearly 10,000 miles in the
next twelve years of his life. He did not wander randomly, however; he
reached out to the biggest communities of his era, to the people and
places in which the faith could germinate and spread most effectively.
He was the first and by far the most effective salesperson of Christian-
ity, using theology and social networks equally effectively. So should he,
or Jesus, or the message be credited for Christianity’s success? Could it

happen again’

2.

There are huge differences between MafiaBoy and Paul: MafiaBoy’s
was an act of destruction. Paul, despite his initial intentions, became
a bridge builder between early Christian communities. But the two
have something important in common: Both were masters of the net-
work. Though neither of them thought about it in these terms, the
key to their success was the existence of a complex network that of-
fered an effective medium for their actions. MafiaBoy operated on a
network of computers—the Internet is the fastest and most effective
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way to reach the largest number of people at the turn of the third mil-
lennium. Paul was a master of first-century social and religious links,
the only network at the beginning of the modern era that could carry
and spread a faith. Neither of them fully grasped the forces that aided
them in their actions. But nearly 2,000 years after Paul we are making
the first inroads toward understanding what made Paul and MafiaBoy
successful. We now know that the answer lies as much in the struc-
ture and topology of the networks on which they operated as in their
ability to navigate them.

Paul and MafiaBoy succeeded because we are all connected. Our bi-
ological existence, social world, economy, and religious traditions tell a
compelling story of interrelatedness. As the great Argentinean author
Jorge Luis Borges put it, “everything touches everything.”

3.

“There be dragons there!” wrote the ancient mapmakers, marking off
the frightening unknown. As adventurous explorers penetrated every
region of the globe, these monster-marked patches gradually disap-
peared. But there are still lots of dragon-infested areas in our mental
map of how the different parts of the world fit together, from the mi-
croscopic universe locked within a cell to the unbounded world of the
Internet. The good news is that recently scientists have been learning
to map our interconnectivity. Their maps are shedding new light on
our weblike universe, offering surprises and challenges that could not
even be imagined a few years ago. Detailed maps of the Internet have
unmasked the Internet’s vulnerability to hackers. Maps of companies
connected by trade or ownership have traced the trail of power and
money in Silicon Valley. Maps of interactions between species in
ecosystems have offered glimpses of humanity’s destructive impact on
the environment. Maps of genes working together in a cell have pro-
vided insights into how cancer works. But the real surprise has come
from placing these maps side by side. Just as diverse humans share
skeletons that are almost indistinguishable, we have learned that these
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diverse maps follow a common blueprint. A string of recent breath-
taking discoveries has forced us to acknowledge that amazingly simple
and far-reaching natural laws govern the structure and evolution of

all the complex networks that surround us.

4.

Have you ever seen a child take apart a favorite toy? Did you then see
the little one cry after realizing he could not put all the pieces back to-
gether again? Well, here is a secret that never makes the headlines: We
have taken apart the universe and have no idea how to put it back to-
gether. After spending trillions of research dollars to disassemble nature
in the last century, we are just now acknowledging that we have no clue
how to continue—except to take it apart further.

Reductionism was the driving force behind much of the twentieth
century’s scientific research. To comprehend nature, it tells us, we first
must decipher its components. The assumption is that once we under-
stand the parts, it will be easy to grasp the whole. Divide and conquer;
the devil is in the details. Therefore, for decades we have been forced to
see the world through its constituents. We have been trained to study
atoms and superstrings to understand the universe; molecules to com-
prehend life; individual genes to understand complex human behavior;
prophets to see the origins of fads and religions.

Now we are close to knowing just about everything there is to
know about the pieces. But we are as far as we have ever been from
understanding nature as a whole. Indeed, the reassembly turned out
to be much harder than scientists anticipated. The reason is simple:
Riding reductionism, we run into the hard wall of complexity. We
have learned that nature is not a well-designed puzzle with only one
way to put it back together. In complex systems the components can
fit in so many different ways that it would take billions of years for us
to try them all. Yet nature assembles the pieces with a grace and pre-
cision honed over millions of years. It does so by exploiting the all-
encompassing laws of self-organization, whose roots are still largely a

mystery to us.
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Today we increasingly recognize that nothing happens in isola-
tion. Most events and phenomena are connected, caused by, and in-
teracting with a huge number of other pieces of a complex universal
puzzle. We have come to see that we live in a small world, where
everything is linked to everything else. We are witnessing a revolu-
tion in the making as scientists from all different disciplines discover
that complexity has a strict architecture. We have come to grasp the
importance of networks.

With the Internet dominating our life, the word network is on
everybody’s lips these days, featured in company names and popular
journal titles. After September 11, witnessing the deadly power of ter-
rorist networks, we had to get used to yet another meaning of the
term. Very few people realize, however, that the rapidly unfolding sci-
ence of networks is uncovering phenomena that are far more exciting
and revealing than the casual use of the word network could ever con-
vey. Some of these discoveries are so fresh that many of the key results
still circulate as unpublished papers within the scientific community.
They open up a novel perspective on the interconnected world
around us, indicating that networks will dominate the new century to
a much greater degree than most people are yet ready to acknowledge.
They will drive the fundamental questions that form our view of the
world in the coming era.

This book has a simple aim: to get you to think networks. It is
about how networks emerge, what they look like, and how they evolve.
It shows you a Web-based view of nature, society, and business, a new
framework for understanding issues ranging from democracy on the
Web to the vulnerability of the Internet and the spread of deadly
viruses.

Networks are present everywhere. All we need is an eye for them.
As you move from link to link within this book, you will learn to see
society as a complex social network and to grasp the smallness of this
great world in which we live. You will come to understand how and
why Paul succeeded and how, despite some obvious differences, his so-
cial milieu was similar to the one we experience today. You will see the
challenges doctors face when they attempt to cure a disease by focusing
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on a single molecule or gene, disregarding the complex interconnected-
ness of living matter. You will be reminded that MafiaBoy is not alone in
attacking networks. You will come to appreciate how the Internet, often
viewed as entirely human in its creation, has become more akin to an
organism or an ecosystem, demonstrating the power of the basic laws
that govern all networks. You will see how the emergence of terrorism is
also ruled by the laws of network formation and how these deadly webs
take advantage of the fundamental robustness of nature’s webs. You'll
wonder at the amazing similarities among such diverse systems as the
economy, the cell, and the Internet, using one to grasp the other. This
will be an eye-opening trip across disciplines that I hope will challenge
you to step out of the box of reductionism and explore, link by link, the
next scientific revolution: the new science of networks.



THE SECOND LINK

The Random Universe

ON SEPTEMBER 18, 1783, IN ST. PETERSBURG Leonhard Euler started
the day as usual. He gave a mathematics lesson to one of his grandchil-
dren and took up some calculations on the flight of balloons. Just three
months earlier, south of Lyon, the Montgolfier brothers had launched
an enormous balloon that rose 6,500 feet into the air and landed safely
about a mile away. Euler was working out the mechanics of the bal-
loon’s motion as the Montgolfier brothers were preparing to launch a
sheep into the air in front of King Louis XVI in Paris, a flight that took
place the next day, on September 19. Euler never heard about the
event, however. After lunch, working with his assistants, he made some
calculations on the orbit of the recently discovered planet Uranus. The
equations introduced by him, capturing the planet’s peculiar orbit,
would lead decades later to the discovery of the planet Pluto. Euler did
not live to witness that discovery either. About five o’clock in the after-
noon, he suffered a brain hemorrhage and uttered, “I am dying,” before
losing consciousness. He died that evening, ending the most prolific ca-
reer in mathematics of all time.

Euler, a Swiss born mathematician who spent his career in Berlin and
St. Petersburg, had an extraordinary influence on all areas of mathematics,
physics, and engineering. Not only was the importance of his discoveries
unparalleled, their sheer quantity is also overwhelming. Opera Omnia, the
still incomplete record of Euler’s collected works, currently runs to over
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seventy-three volumes, six hundred pages each. The last seventeen years
of Euler’s life, between his return to St. Petersburg in 1766 and his death at
the age of 76, were rather tumultuous. Yet, despite many personal
tragedies, about half of his works were written during these years. These
include a 775-page treatise on the motion of the moon, an influential al-
gebra textbook, and a three-volume discussion of integral calculus, com-
pleted while he continued to publish an average of one mathematics pa-
per per week in the journal of the St. Petersburg Academy. The amazing
thing is that he barely wrote or read a single line during this time. Having
partially lost his sight soon after returning to St. Petersburg in 1766, Euler
was left completely blind after a failed cataract operation in 1771. The
thousands of pages of theorems were all dictated from memory.

Three decades earlier, his sight intact, Euler had written a short pa-
per addressing an amusing problem that originated in Kénigsberg, a
town not too far from Euler’s home in St. Petersburg. Kénigsberg, a
flowering city in eastern Prussia, did not suspect in the early eighteenth
century the sad and war-torn fate that awaited it as host for one of the
fiercest battles of the Second World War. Contemporary etchings show
a thriving city on the banks of the Pregel, where a busy fleet of ships
and their trade offered a comfortable life to the local merchants and
their families. The healthy economy allowed city officials to build not
fewer than seven bridges across the river. Most of these connected the
elegant island Kneiphof, which was caught between the two branches
of the Pregel, with other parts of the city. Two additional bridges
crossed the two branches of the river (Figure 2.1). The people of
Konigsberg, enjoying a time of peace and prosperity, amused themselves
with mind puzzles, one of which was: “Can one walk across the seven
bridges and never cross the same one twice?” No one was to find such a
path until a new bridge was built in 1875.

Almost 150 years before the new bridge, in 1736, Euler offered a
rigorous mathematical proof stating that with the seven bridges such a
path does not exist. He not only solved the Kénigsberg problem but in
his brief paper inadvertently started an immense branch of mathemat-
ics known as graph theory. Today graph theory is the basis for our
thinking about networks. During the centuries after Euler it grew into a



The Random Universe 11

Figure 2.1 Konigsberg Bridges. The layout of Konigsberg before 1875, with
Kneiphof island (A) and the land area D caught between the two branches of the
Pregel River. Solving the Konigsberg problem meant finding a route around the
city that would require a person to cross each bridge only once. In 1736, Leonhard
Euler gave birth to graph theory by replacing each of the four land areas with nodes
(A to D) and each bridge with a link (a to g), obtaining a graph with four nodes
and seven links. He then proved that on the Konigsberg graph, a route crossing each

link only once does not exist.

mature field, to which most great mathematicians contributed. To open
the door on the field of networks, let us briefly revisit the reasoning
process that led Euler to the introduction of the first graph.

1.

Euler’s proof is simple and elegant, easily understood even by those not
trained in mathematics. Nevertheless, it is not the proof that made
history but rather the intermediate step that he took to solve the prob-
lem. Euler’s great insight lay in viewing Kénigsberg’s bridges as a graph,
a collection of nodes connected by links. For this he used nodes to
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represent each of the four land areas separated by the river, distin-
guishing them with letters A, B, C, and D. Next he called the bridges
the links and connected with lines those pieces of land that had a
bridge between them. He thus obtained a graph whose nodes were
pieces of land and links were bridges.

Euler’s proof that in Kénigsberg there is no path crossing all seven
bridges only once was based on a simple observation. Nodes with an odd
number of links must be either the starting or the end point of the journey.
A continuous path that goes through all bridges can have only one start-
ing and one end point. Thus, such a path cannot exist on a graph that has
more than two nodes with an odd number of links. As the Konigsberg
graph had four such nodes, one could not find the desired path.

For our purpose the most important aspect of Euler’s proof is that the
existence of the path does not depend on our ingenuity to find it. Rather,
it is a property of the graph. Given the layout of the Kénigsberg bridges, no
matter how smart we are, we will never succeed at finding the desired
path. The people of Kénigsberg finally agreed with Euler, gave up their
fruitless search, and in 1875 built a new bridge between B and C, increas-
ing the number of links of these two nodes to four. Now only two nodes
(A and D) with an odd number of links remained. It was then rather
straightforward to find the desired path. Perhaps the creation of this path
was the hidden rationale behind building the bridge?

In retrospect, Euler’s unintended message is very simple: Graphs or
networks have properties, hidden in their construction, that limit or
enhance our ability to do things with them. For more than two cen-
turies the layout of Koénigsberg’s graph limited its citizens’ ability to
solve their coffeehouse problem. But a change in the layout, the addi-
tion of only one extra link, suddenly removed this constraint.

In many ways Euler’s result symbolizes an important message of this
book: The construction and structure of graphs or networks is the key
to understanding the complex world around us. Small changes in the
topology, affecting only a few of the nodes or links, can open up hidden
doors, allowing new possibilities to emerge.

Graph theory boomed after Euler with contributions made by
mathematical giants such as Cauchy, Hamilton, Cayley, Kirchhoff, and
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Pélya. They uncovered just about everything that is known about large
but ordered graphs, such as the lattice formed by atoms in a crystal or
the hexagonal lattice made by bees in a beehive. Until the mid-twenti-
eth century the goal of graph theory was simple: It aimed to discover
and catalogue the properties of the various graphs. Famous problems in-
cluded finding a way to escape from a maze or labyrinth, first solved in
1873, or finding a sequence of moves with a knight on a chess board
such that each square is visited only once and the knight returns to its
starting point. Some of the more difficult problems have gone unsolved
for centuries.

Two centuries passed after Euler’s inspiring work before mathemati-
cians moved from studying the properties of various graphs to asking
the quintessential question of how graphs, or, more commonly, net-
works, came about. Indeed, how do real networks form? What are the
laws governing their appearance and structure? These questions, and
the first answer, did not come until the 1950s, when two Hungarian
mathematicians made a revolution in graph theory.

2.

One afternoon in late 1920s Budapest, a seventeen-year-old youth can-
tered with a weird gait through the streets and stopped in front of an
elegant shoe shop that sold custom-made shoes. With his strangely
shaped feet, on which normal shoes would never fit, he could indeed
use a cobbler. But new shoes were not the occasion of this visit. After
knocking on the store’s door—an act that would have seemed just as
odd back then as today—he entered, ignoring the saleswoman at the
counter, and went up to a fourteen-year-old boy in the back of the shop.

“Give me a four digit number,” he said.

“2,532,” came the wide-eyed boy’s reply as he stared at the strange
creature. The older boy did not let him stare too long, however.

“The square of it is 6,441,024,” he continued. “Sorry, I am getting
old and I cannot tell you the cube. How many proofs of the
Pythagorean theorem do you know?”

“One,” replied the youngster.
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“I know thirty-seven,” and without taking a breath he continued.
“Did you know that the points of a straight line do not form a counta-
ble set?” After showing the sharp boy Cantor’s proof as evidence, his
business at the cobbler’s store finished, he said, “I must run,” and so he
did, turning on his heel and galloping out of the store.

Paul Erd&s galloped on to become the presiding genius and most
famous misfit of the twentieth century. He wrote more than 1,500
mathematics papers before his death in 1996. This output, unparalleled
since Euler, contained eight articles published with another Hungarian
mathematician, Alfréd Rényi. These eight papers addressed for the first
time in history the most fundamental question pertaining to our under-
standing of our interconnected universe: How do networks form? Their
solution laid the foundation of the theory of random networks. This el-
egant theory so profoundly determined our thinking about networks
that we are still struggling to break away from its hold.

3.

Organize a party for a hundred guests who have been selected and in-
vited because they do not know a single other person on the guest list.
Offer this group of strangers wine and cheese, and they will immediately
start to chat, as human beings’ inborn desire to meet and know each
other inevitably brings them together. Soon you will see thirty to forty
groups of two or three. Now mention to one guest that the red wine in
the unlabeled dark green bottles is a rare twenty-year-old vintage port,
far better than that with the red label. But ask that guest to share this in-
formation only with his or her new acquaintances. You know that your
expensive port is fairly safe, because your friend has only had time to
meet two or three people in the room. However, guests will inevitably
become bored talking to the same person for too long and move on to
join other groups. An outside observer would not notice anything spe-
cial. Yet there are invisible social links between people who met earlier
but now belong to different groups. As a consequence, subtle paths start
connecting people who are still strangers to each other. For example,
though John has not met Mary yet, they have both met Mike, and so



The Random Universe 15

Figure 2.2 The Party. At a party with ten guests, none of whom initially knows
one another, social ties form as the guests start chatting in small groups. At first, the
groups are isolated from each other (left panel). Indeed, though there are social links
(shown as continuous lines) between those in the same group, everyone outside of
that group is still a stranger. As time goes on (right panel), three guests move to dif-
ferent groups and a giant cluster emerges. Although not everyone knows everyone
else, there is now a single social network that includes all the guests. By following

the social links, one can now find a path between any two guests.

there is a path from John to Mary through Mike. If John knew about
the wine, chances are that now Mary knows too, since she could hear it
from Mike, who was told by John. As time goes on, the guests will be
increasingly interwoven by such intangible links, creating a fine web of
acquaintances that includes a sizable portion of the guests. The expen-
sive wine is increasingly endangered as its identity is passed from a tiny
group of insiders to more and more chatting groups (Figure 2.2).

Assuming that each person passes on the information to all of her
or his new acquaintances, will the reputation of the fine port reach all
of the guests before the end of the party? To be sure, if all were to get to
know each other, everybody would be pouring the superior wine from
the unlabeled bottle. But even if each encounter took only ten minutes,
meeting all ninety-nine others would take about sixteen hours. Parties
rarely last that long. Thus, you might feel that you could reveal the
identity of the wine to your friend and reasonably hope that some
would be left at the end of the party.
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Paul Erdgs and Alfréd Rényi begged to differ. “A mathematician is
a machine that turns coffee into theorems,” Erd&s used to say, quoting
Rényi. A particularly lucky cup of coffee turned into a much quoted
theorem: If each person gets to know at least one other guest, then soon
everybody will be drinking the reserve port. According to Erdds and
Rényi, it would take only thirty minutes to form a single invisible social
web that includes all guests in the room. Minutes after you hear the rec-
ommendation for the wine, you may find yourself tipping an empty bot-
tle into your expectant glass.

4.

The guests we met at the cocktail party are part of a problem in graph the-
ory, the branch of mathematics pioneered by Euler. The guests are the
nodes, and every encounter creates a social link between them. Thus a
web of acquaintances—a graph—emerges, a bunch of nodes connected by
links. Computers linked by phone lines, molecules in our body linked by
biochemical reactions, companies and consumers linked by trade, nerve
cells connected by axons, islands connected by bridges are all examples of
graphs. Whatever the identity and the nature of the nodes and links, for a
mathematician they form the same animal: a graph or a network.

Despite its elegance, simplifying all webs into graphs poses some
formidable challenges. While society, the Internet, a cell, or the brain
can all be represented by graphs, each is clearly very different from the
others. It is hard to imagine much commonality between human soci-
ety, where we make friends and acquaintances through a combination
of random encounters and conscious decisions, and the cell, where the
unforgiving laws of chemistry and physics govern all reactions between
molecules. There must be a clear difference in the rules that govern the
placement of links in the various networks we encounter in nature.
Finding a model to describe all of these different systems seems, on its
face, an insurmountable challenge.

Yet the ultimate goal of all scientists is to find the simplest possible
explanation for very complex phenomena. Erd6s and Rényi took on this
challenge by proposing an elegant mathematical answer to describe all
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complex graphs within a single framework. Since different systems follow
such disparate rules in building their own networks, ErdSs and Rényi de-
liberately disregarded this diversity and came up with the simplest solution
nature could follow: connect the nodes randomly. They decided that the
simplest way to create a network was to play dice: Choose two nodes and,
if you roll a six, place a link between them. For any other roll of the dice,
do not connect these two nodes but choose a different pair and start
over. Therefore, Erd&s and Rényi viewed graphs and the world they rep-
resented as fundamentally random.

“There is an old debate,” Erd&s liked to say, “about whether you cre-
ate mathematics or just discover it. In other words, are the truths already
there, even if we don’t yet know them?” Erd&s had a clear answer to this
question: Mathematical truths are there among the list of absolute
truths, and we just rediscover them. Random graph theory, so elegant
and simple, seemed to him to belong to the eternal truths. Yet today we
know that random networks played little role in assembling our uni-
verse. Instead, nature resorted to a few fundamental laws, which will be
revealed in the coming chapters. Erd&s himself created mathematical
truths and an alternative view of our world by developing random graph
theory. Not privy to nature’s laws in creating the brain and society, Erd&s
hazarded his best guess in assuming that God enjoys playing dice. His
friend Albert Einstein, at Princeton, was convinced of the opposite:
“God does not play dice with the universe.”

5.

Let’s go back to our cocktail party and the exercise in random graph
theory. You start with a large number of isolated nodes. Then you ran-
domly add links between the nodes, mimicking the random encounters
between the guests. If you add only a few connections, the only conse-
quence of your activity will be that some of the nodes will pair up. If
you continue adding links, you will inevitably connect some of these
pairs to each other, forming clusters of several nodes. But when you add
enough links such that each node has an average of one link, a miracle
happens: A unique giant cluster emerges. That is, most nodes will be -
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part of a single cluster such that, starting from any node, we can get to
any other by navigating along the links between the nodes. This is the
moment when your expensive wine is in danger, since a rumor can
reach everyone who belongs to the giant cluster. Mathematicians call
this phenomenon the emergence of a giant component, one that in-
cludes a large fraction of all nodes. Physicists call it percolation and will
tell you that we just witnessed a phase transition, similar to the mo-
ment in which water freezes. Sociologists would tell you that your sub-
jects had just formed a community. Though different disciplines may
have different terminology, they all agree that when we randomly pick
and connect pairs of nodes together in a network, something special
happens: The network, after placing a critical number of links, drasti-
cally changes. Before, we have a bunch of tiny isolated clusters of
nodes, disparate groups of people that communicate only within the
clusters. After, we have a giant cluster, joined by almost everybody.

6.

Each of us is part of a large cluster, the worldwide social net, from
which no one is left out. We do not know everybody on this globe, but
it is guaranteed that there is a path between any two of us in this web of
people. Likewise, there is a path between any two neurons in our brain,
between any two companies in the world, between any two chemicals
in our body. Nothing is excluded from this highly interconnected web
of life. Paul Erdds and Alfréd Rényi told us why: It requires only one link
per node to stay connected. One acquaintance per person, one link to at
least one other neuron for each neuron in the brain, the ability to
participate in at least one reaction for each chemical in our body, trade
with at least one other company in the business world. One is the
threshold. If nodes have less than one connection on average, then our
network breaks into tiny noncommunicating clusters. If there is more
than one connection per node, that danger becomes remote.

Nature repeatedly and extravagantly exceeds the one-link mini-
mum. Sociologists estimate that we know between 200 and 5,000 people

by name. An average neuron is connected to dozens of others, some to
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thousands. Each company is inevitably linked to hundreds of suppliers
and customers; some of the biggest have links to millions. In our body,
most molecules take part in far more than a single reaction—some, like
water, in hundreds. Thus, real networks not only are connected but are
well beyond the threshold of one. Random network theory tells us that
as the average number of links per node increases beyond the critical
one, the number of nodes left out of the giant cluster decreases exponen-
tially. That is, the more links we add, the harder it is to find a node that
remains isolated. Nature does not take risks by staying close to the
threshold. It well surpasses it. Consequently, the networks around us are
not just webs. They are very dense networks from which nothing can es-
cape and within which every node is navigable. This is why there are no
islands of people completely isolated from society at large and why all
molecules in our body are integrated into a single complex cellular map.
This is why the Apostle Paul’s message reached people he never met and
why MafiaBoy made headlines: Along the links their actions easily af-
fected millions.

7.

Erd8s and Rényi’s discovery of this very special moment when a giant
cluster emerges through a phase or percolation transition was a huge
event in graph theory, but not because it made the unbelievable predic-
tion that only one acquaintance is required to form a society. Rather, it
was largely because, before Erd&s and Rényi, graph theory had not dealt
with cocktail parties, social networks, or random graphs. [t focused al-
most exclusively on regular graphs, which contain no ambiguity about
their structure. But when it comes to such complex systems as the In-
ternet or the cell, regular graphs are the exception rather than the
norm. Erd6s and Rényi acknowledged for the first time that real graphs,
from social networks to phone lines, are not nice and regular. They are
hopelessly complicated. Humbled by their complexity, the two assumed
that these networks are random.

In retrospect, it is not surprising that this unlikely pair of mathe-
maticians were the ones to turn around a respectable field of mathematics
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by injecting randomness into it. Chance and randomness were very
much a part of their lives. Though Rényi was seven years younger than
Erd&s, they knew each other thanks to the friendship between their
parents back in Budapest. By the time they started working together,
after meeting up in Amsterdam in 1948, both had lived through rather
tumultuous times. Subject to the Numerus Clausus laws that limited
the number of Jews admitted to university, Rényi had worked in a
shipyard after high school. After winning a math and Greek competi-
tion, he was allowed to enter the university in 1939. Soon after finishing
his mathematical studies he was called to forced labor, from which he
somehow escaped.

Erd6s and his colleagues, who were familiar with Rényi’s resistance
activities during the war, deeply admired and respected him. Rényi had
boldly disguised himself in the uniform of the Hungarian fascists, Nyilas,
to help his friends escape the concentration camps. According to one
story, Rényi entered the Budapest ghetto dressed as a Nyilas soldier and
managed to escort his parents out. He also lived for years in Nazi-
controlled Budapest using false documents. Only those aware of the re-
alities of the Nazi terror could truly appreciate the courage needed to
perform these acts. Not surprisingly, Rényi’s ability to focus on mathe-
matics was highly constrained until the end of the war, when in 1946
he traveled to Leningrad to continue his studies. There his creativity
exploded. He not only learned and absorbed number theory in record
time, despite his limited Russian language skills, but also proved some
fundamental theorems on one of the notoriously difficult problems of
number theory, the Goldbach conjecture. Thus, when he met ErdSs
two years later in Amsterdam, he was no longer the aspiring young
mathematician and family friend but a well-known scientist with an
international reputation.

ErdSs by then had already developed his trademark traveling-
mathematician lifestyle. He would show up at his colleagues’
doorsteps and proclaim, “My brain is open,” an invitation to join in
his tireless pursuit of mathematical truth. His only permanent job of-
fer came from the University of Notre Dame, in South Bend, Indiana.
Arnold Ross, at that time the chairman of the math department, of-
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fered Erdds a visiting professorship on very generous terms: He could
come and go as he pleased, since he had an assistant who would pick
up the lectures where he left them off.

A Catholic liberal arts college, Notre Dame was not the prominent
university it would become decades later. Nevertheless it offered Erd&s
a quiet and comfortable work environment and the opportunity for fre-
quent discussions with his priest colleagues, which Erd&s, with his
unique perspective on the universe and deity, particularly enjoyed.
Once asked about his time there, he remarked tongue-in-cheek, “There
are too many plus signs,” a reference to the numerous crucifixes about
campus. When Notre Dame eventually offered to turn Erdés’s status
into a permanent one, on the same comfortable terms, Erd&s politely
refused. Perhaps losing the randomness and unpredictability that had
characterized his life was too much for him to fathom.

8.

The Amsterdam meeting between Erd6s and Rényi was the start of a
very close friendship and collaboration that resulted in over thirty joint
publications before Rényi’s early death at the age of forty-nine in 1970.
Among these publications were the eight legendary papers on graph
theory. The first, published more than a decade after the Amsterdam
meeting, addressed for the first time the important questions of how
graphs form. Their use of randomness to tackle graph theory problems
is most evident when we look at how many links nodes have in a graph
or network. Regular graphs are unique in that each node has exactly the
same number of links. Indeed, in a two-dimensional mesh of perpendi-
cular lines forming a simple square lattice each node has exactly four
links, or in a hexagonal lattice of a beehive each node is connected to
exactly three others.

Such regularity is clearly absent from random graphs. The premise
of the random network model is deeply egalitarian: We place the links
completely randomly; thus all nodes have the same chance of getting
one—ijust as in Las Vegas, where supposedly we all have the same
chance of hitting the jackpot. At the end of the day, however, only a
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few of our fellow gamblers walk away richer. Similarly, if we place the
links randomly in a graph, some nodes will get more links than others.
Some might even have bad luck and get nothing for a while. The ran-
dom world of Erd&s and Rényi can be simultaneously unfair and gener-
ous: It can make some poor and others rich. Yet a far-reaching predic-
tion of Erdds and Rényi’s theory tells us that this only appears to be so.
If the network is large, despite the links’ completely random placement,
almost all nodes will have approximately the same number of links.

One way to see this is to interview all guests as they leave the cock-
tail party, asking them how many acquaintances they made. When
everybody leaves, we can draw a histogram by plotting how many of the
guests have one, two, or exactly k new acquaintances. For the random
network model of Erdés and Rényi the shape of the histogram was de-
rived and proved exactly in 1982 by one of Erd&s’s students, Béla Bol-
lobds, professor of mathematics at the University of Memphis in the
United States and Trinity College in the United Kingdom. The result
shows that the histogram follows a Poisson distribution, which has
some unique properties that will follow us throughout this book. A
Poisson distribution has a prominent peak, indicating that the majority
of nodes have the same number of links as the average node does. On
the two sides of the peak the distribution rapidly diminishes, making
significant deviations from the average extremely rare.

Translated back to a society of 6 billion people, a Poisson distribu-
tion tells us that most of us have roughly the same number of friends and
acquaintances. It predicts that it is exponentially rare to find someone
who deviates from the average by having considerably more or fewer
links than the average person. Therefore, random graph theory predicts
that if we assign social links randomly, we end up with an extremely
democratic society, where all of us are average and very few deviate from
the norm to be extremely social or utterly asocial types. We obtain a
network with a very uniform fabric in which the mean is the norm.

Erd&s and Rényi’s random universe is dominated by averages. It pre-
dicts that most people have roughly the same number of acquaintances;
most neurons connect roughly to the same number of other neurons;

most companies trade with roughly the same number of other compa-
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nies; most Websites are visited by roughly the same number of visitors.
As nature blindly throws the links around, in the long run no node is
favored or singled out.

9.

The random network theory of Erdés and Rényi has dominated scien-
tific thinking about networks since its introduction in 1959. It created
several paradigms that are consciously or unconsciously imprinted on
the minds of everyone who deals with networks. It equated complexity
with randomness. If a network was too complex to be captured in
simple terms, it urged us to describe it as random. Sure enough, society,
the cell, communication networks, and the economy are all complex
enough to fit the bill.

You may be thinking that there is something fishy about this ran-
dom universe, in which all nodes are equal. Would I be able to write
this book if the molecules in my body decided to react to each other
randomly? Would there be nations, states, schools, and churches or any
other manifestations of social order if people interacted with each other
completely randomly? Would we have an economy if companies se-
lected their consumers randomly, replacing their salespeople with mil-
lions of dice? Most of us feel that we do not live in such a random
world—that there has to be some order behind these complex systems.

Why, then, would two such unparalleled intellects as Erd&s and
Rényi choose to model the emergence of networks as a completely ran-
dom process? The answer is simple: They never planned to provide a
universal theory of network formation. They were far more intrigued by
the mathematical beauty of random networks than by the model’s abil-
ity to faithfully capture the webs nature created around them. To be
sure, in their seminal 1959 paper they did mention that “the evolution
of graphs may be considered as a rather simplified model of the evolu-
tion of certain communication nets (railway, road or electric network
systems, etc.).” But, despite this brief journey into the real world, their
work in this area was motivated by a deep curiosity about the mathe-
matical depths of the problem rather than by its applications.
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Erdss would be the first to agree with us that real networks must
have organizing principles that distinguish them from the random net-
work model they introduced in 1959. But for him this would be beside
the point. By using the hypothesis of randomness he opened a window
to a new world, whose mathematical beauty and consistency was the
main driving force behind the subsequent work in graph theory.

Until recently we had no alternative for describing our interlinked
universe. Thus random networks came to dominate our ideas on net-
work modeling. Complex real networks were viewed as fundamentally
random.

Erd&s holds the record for suggesting good problems and making
sure that somebody else solved them. Though he never owned more
than a few clothes that fit into a small leather suitcase that he always
traveled with, he often offered monetary rewards for solutions or
proofs to problems that he found interesting—$5 for a problem he
considered simple, $500 for a truly difficult one. And he would happily
pay if the proof was delivered. Never mind that often a $1 problem
turned out to be more difficult than a $500 one. The lucky mathemati-
cians who earned one of his rewards never cashed his checks anyway.
Most of them framed them. The reward was a unique recognition by
the presiding genius of the century; no cash amount could match its
spiritual value.

Let us follow Erdé&s’s example and ask a question he left untouched.
What do real networks look like? Posing a problem in such a sloppy way
would never have satisfied him. It is too broad. It may not even have a
unique answer. And most likely we can never offer a rigorous proof.
Thus it could not possibly be from the Transfinite Book, the ultimate
depository in Erd&s’s world of all good mathematical proofs and theo-
rems. But though the question might not have won his approval, in the
coming chapters, we will see that it makes a huge difference outside the
world of mathematics.



THE THIRD LINK

Six Degrees of Separation

IN 1912, JuST AS ANNA ERDOS DISCOVERED she was pregnant with her
third child, Paul, the streets of Budapest were abuzz with talk about a
new collection of poems and prose by the best Hungarian and interna-
tional writers. The first edition had sold out before the literary critics
could even get to it, and the second printing was also disappearing when
the first serious reviews appeared in newspapers around the country. By
then Anna Erd&s had entered the hospital, given birth to Paul, and gone
home, only to discover that her two older daughters were the victims of
a scarlet fever epidemic that was tearing through Budapest.

Despite the city’s many personal tragedies, enthusiasm for the new
literary phenomenon was unabating. The book’s popularity was rooted
in a minor detail: All the poems and short stories were fake. In Igy irtok
ti, or This Is How You Whrite, Frigyes Karinthy, a twenty-five-year-old
virtually unknown poet and writer, invented what he called literary
caricature. The volume is a collection of poems and short stories that
appear to be written by a who’s who of world literature. If you were fa-
miliar with the authors, you could easily recognize their styles. Each
piece is a cunning parody that, like a distorting mirror, keeps the mim-
icked author recognizable while changing all the proportions.
Karinthy applied his vitriolic and annihilating humor with equal ease
on deceased giants and close friends. And his arrow was often deadly:
The authors he most venomously parodied are known to us only

25
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through his book; their actual works are lost in the unforgiving sink of
literary taste and history.

Igy irtok ti is one of the most read books in Hungarian history. It
made Karinthy an instant celebrity. Never again did he have to wait for
the bus in the bus station—he simply waved to it from wherever he
was, and the drivers, with wide smiles, stopped for him. He wrote most
of the time behind the expansive glass windows of the Central Café in
the heart of Budapest. Passersby often performed a strange dance. As
they walked by the window, they suddenly stopped, turned, and peered
through the window at the working writer, as if he were an exotic
species in a new aquarium.

Almost two decades after Igy irtok ti, in 1929, at about the same time
that the seventeen-year-old Erd&s was lecturing about the Pythagorean
theorem in the shoe store a few streets away from the Central Café,
Karinthy published his forty-sixth book, Minden masképpen van (Every-
thing Is Different), a collection of fifty-two short stories. By now he was
recognized as the genius of Hungarian literature. Everyone, however,
was still waiting for “The Book,” the novel that would define Karinthy
and guarantee his place among literature’s immortals. The critics openly
voiced concern that Karinthy was selling out his unique talent by writing
short stories that drew quick bucks. Karinthy, whose incredibly disor-
dered and chaotic life was spent between coffeehouses and a hectic and
noisy home, failed to deliver the long awaited tome. The short story col-
lection was a critical failure and soon sank into obscurity. It has been out
of print ever since. | have visited most bookstores and antiquaries in Bu-
dapest and cannot find a trace of it. But there is one story, entitled
“Lancszemek,” or “Chains,” that deserves our attention.

“To demonstrate that people on Earth today are much closer than
ever, a member of the group suggested a test. He offered a bet that we
could name any person among earth’s one and a half billion inhabitants
and through at most five acquaintances, one of which he knew personally,
he could link to the chosen one,” writes Karinthy in “Lancszemek.” And
indeed, Karinthy’s fictional character immediately links a Nobel
prizewinner to himself, noting that the Nobelist must know King Gustav,
the Swedish monarch who hands out the Nobel prize, who in turn is a
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consummate tennis player and plays occasionally with a tennis champion
who happens to be a good friend of Karinthy’s character. Remarking that
linking to celebrities is easy, Karinthy’s character demands a more diffi-
cult assignment. Next he tries to link a worker in Ford’s factory to him-
self: “The worker knows the manager in the shop, who knows Ford; Ford
is on friendly terms with the general director of Hearst Publications, who
last year became good friends with Arpad Pisztor, someone I not only
know, but is to the best of my knowledge a good friend of mine—so 1
could easily ask him to send a telegram via the general director telling
Ford that he should talk to the manager and have the worker in the shop
quickly hammer together a car for me, as | happen to need one.” Though
these short stories have been neglected, Karinthy’s 1929 insight that
people are linked by at most five links was the first published appearance
of the concept we know today as “six degrees of separation.”

1.

Six degrees was rediscovered almost three decades later, in 1967, by Stan-
ley Milgram, a Harvard professor who turned the concept into a much cel-
ebrated, groundbreaking study on our interconnectivity. Amazingly, Mil-
gram’s first paper on the subject occasionally reads like an English
translation of Karinthy’s “Lancszemek” rewritten for an audience of sociol-
ogists. Milgram, perhaps the most creative practitioner of experimental
psychology, is best known for a series of highly debated experiments prob-
ing the conflict between obedience to authority and personal conscience.
But his intellect was wide-ranging, and he soon became interested in the
structure of our social network, a topic that was frequently discussed by so-
ciologists at Harvard and MIT during the late sixties.

Milgram’s goal was to find the “distance” between any two people
in the United States. The question driving the experiment was, how
many acquaintances would it take to connect two randomly selected
individuals? To get started, he first chose two target persons, the wife of
a divinity graduate student in Sharon, Massachusetts, and a stock bro-
ker in Boston. He picked Wichita, Kansas, and Omaha, Nebraska, as
starting points for the study because “from Cambridge, these cities seem
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vaguely ‘out there,’ on the Great Plains or somewhere.” There was little
consensus about how many links it would take to connect people from
these remote areas. Milgram himself pointed out in 1969, “Recently I
asked a person of intelligence how many steps he thought it would take,
and he said that it would require 100 intermediate persons, or more, to
move from Nebraska to Sharon.”

Milgram’s experiment entailed sending letters to randomly chosen
residents of Wichita and Omaha asking them to participate in a study
of social contact in American society. The letter contained a short
summary of the study’s purpose, a photograph, and the name and ad-
dress of and other information about one of the target persons, along
with the following four-step instructions:

HOW TO TAKE PART IN THIS STUDY

1. ADD YOUR NAME TO THE ROSTER AT THE BOT-
TOM OF THIS SHEET, so that the next person who re-

ceives this letter will know who it came from.

2. DETACH ONE POSTCARD. FILL IT OUT AND RE-
TURN IT TO HARVARD UNIVERSITY. No stamp is
needed. The postcard is very important. It allows us to keep

track of the progress of the folder as it moves toward the tar-
get person.

3. IF YOU KNOW THE TARGET PERSON ON A PER-
SONAL BASIS, MAIL THIS FOLDER DIRECTLY TO
HIM (HER). Do this only if you have previously met the
target person and know each other on a first name basis.

4. IFYOU DO NOT KNOW THE TARGET PERSON ON A
PERSONAL BASIS, DO NOT TRY TO CONTACT HIM
DIRECTLY. INSTEAD, MAIL THIS FOLDER (POST-
CARDS AND ALL) TO A PERSONAL ACQUAIN-
TANCE WHO IS MORE LIKELY THAN YOU TO
KNOW THE TARGET PERSON. You may send the folder
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to a friend, relative or acquaintance, but it must be someone
you know on a first name basis.

Milgram had a pressing concern: Would any of the letters make it
to the target!? If the number of links was indeed around one hundred, as
his friend guessed, then the experiment would likely fail, since there is
always someone along such a long chain who does not cooperate. It was
therefore a pleasant surprise when within a few days the first letter ar-
rived, passing through only two intermediate links! This would turn out
to be the shortest path ever recorded, but eventually 42 of the 160 let-
ters made it back, some requiring close to a dozen intermediates. These
completed chains allowed Milgram to determine the number of people
required to get the letter to the target. He found that the median num-
ber of intermediate persons was 5.5, a very small number indeed—and
coincidentally, amazingly close to Karinthy's suggestion. Round it up to
6, however, and you get the famous “six degrees of separation.”

As Thomas Blass, a social psychologist who has devoted the last fif-
teen years to in-depth research on the life and work of Stanley Milgram,
pointed out to me, Milgram himself never used the phrase “six degrees of
separation.” John Guare originated the term in his brilliant 1991 play of
that title. After an extremely successful season on Broadway, the play was
made into a movie with the same title. In the play, Ousa (played by
Stockard Channing in the movie), musing about our interconnectedness,
tells her daughter, “Everybody on this planet is separated by only six
other people. Six degrees of separation. Between us and everybody else
on this planet. The president of the United States. A gondolier in
Venice. . . . [t's not just the big names. It's anyone. A native in a rain for-
est. A Tierra del Fuegan. An Eskimo. I am bound to everyone on this
planet by a trail of six people. It’s a profound thought. . . . How every per-
son is a new door opening up into other worlds.”

Milgram’s study was confined to the United States, linking people
“out there” in Wichita and Omaha to “over here” in Boston. For
Guare’s Ousa, however, six degrees applied to the whole world. Thus a
myth was born. Because more people watch movies than read sociology
papers, Guare’s version has prevailed in popular thought.
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Six degrees of separation is intriguing because it suggests that, de-
spite our society’s enormous size, it can easily be navigated by following
social links from one person to another—a network of six billion nodes
in which any pair of nodes are on average six links from each other. Per-
haps we should be surprised that there is a path between any two
people. Yet we saw in the previous chapter that being connected re-
quires very little—barely more than one social link per person. As we
all have many more than one link, each of us is a part of the giant net-
work that we call society.

Stanley Milgram awakened us to the fact that not only are we con-
nected, but we live in a world in which no one is more than a few
handshakes from anyone else. That is, we live in a small world. Our
world is small because society is a very dense web. We have far more
friends than the critical one needed to keep us connected. Yet is six de-
grees something uniquely human, tied somehow to our desire to form
social links? Or do other kinds of networks look the same? Answers to
these questions surfaced only a few years ago. We now know that social
networks are not the only small worlds.

2.

“Suppose all the information stored on computers everywhere were
linked. . . . All the best information in every computer at CERN and
on the planet would be available to me and anyone else. There would
be a single global information space.” This was the dream of Tim
Berners-Lee in 1980 while working as a programmer at the European
Organization for Nuclear Research, commonly known by its French
acronym, CERN, in Geneva, Switzerland. To turn his dream into re-
ality, he wrote a program that allowed computers to share informa-
tion—to link to each other. By inventing the links, Berners-Lee re-
leased a genie whose existence had been unknown to us. In less than
ten years the genie turned into the World Wide Web, one of the
largest ever human-made networks. It is a virtual network whose
nodes are Webpages that have it all: news, movies, gossip, maps, pic-
tures, recipes, biographies, and books. If it can be written, drawn, or
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photographed, chances are there is already a node on the Web con-
taining it in some form.

The power of the Web is in the links, the uniform resource locators
(URLs) that allow us to move with the click of a mouse from one page to
another. They allow us to surf, locate, and string together information.
These links turn the collection of individual documents into a huge net-
work spun together by mouse clicks. They are the stitches that keep the
fabric of our modern information society together. Remove the links, and
the genie would spectacularly vanish. Huge inaccessible databases would
be left behind, the contemporary ruins of an interconnected world.

How large is the Web today? How many Web documents and links
are out there! Until recently no one knew for sure—there’s no single
organization to keep track of all the nodes and links. It was Steve
Lawrence and Lee Giles, working at the NEC Research Institute at
Princeton, who took up this unique challenge in 1998. Their measure-
ments indicated that in 1999 the Web had close to a billion docu-
ments—not bad for a virtual society born less than a decade earlier.
Considering that it grows much faster than human society, chances are
that by the time this book is published there will be more Web docu-
ments than people on Earth.

But the real issue isn't the overall size of the Web. It’s the distance
between any two documents. How many clicks does it take to get from
the home page of a high-school student in Omaha to the Webpage of a
Boston stockbroker? Despite the billion nodes, could the Web be a
“small world”? The answer to this question is not irrelevant to anybody
who surfs the Web. If Webpages are thousands of clicks from each
other, it is hopeless to find any document without a search engine.
Finding that the Web was not a small world would also indicate that
the networks behind society and the online universe were fundamen-
tally different. If that were the case, to fully understand networks we
would need to understand why and how this difference emerges. There-
fore, at the end of 1998 I set out with Réka Albert, a Ph.D. student, and
Hawoong Jeong, a postdoctoral associate—both working at that time in
my research group at the physics department at the University of Notre
Dame—to grasp the size of the world behind the Web.
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Our first goal was to obtain a map of the Web, essentially an inven-
tory of all Webpages and the links connecting them. The information
contained in such a map would be truly unparalleled. If we were to con-
struct a similar map for society, it would have to include each person’s
professional and personal interests and chart everyone she or he knew. It
would make Milgram’s experiment seem clumsy and obsolete by allowing
us to find, in seconds, the shortest path to any person in the world. It
would be a must-use tool for everyone from politicians to salespeople and
epidemiologists. Of course, such a social search engine is impossible to
build, since it would take at least a lifetime to interrogate all 6 billion
people on the earth to learn about their friends and acquaintances. Yet
there is something magical about the Web that sets it apart from society:
We can navigate its links instantaneously. [t is just a matter of clicks.

Unlike our current society, the Web is digital. This allows us to write
a piece of software that downloads any document, finds all the links on it,
then visits and downloads the documents to which they point, continu-
ing until all pages on the Web are captured. If you let such a program
loose, in theory it will return a complete map of the Web. In the com-
puter world, this software is called a robot or crawler because it crawls
through the Web without human supervision. The big search engines,
such as Alta Vista or Google, have thousands of computers running nu-
merous robots that constantly look for new documents on the Web. Our
little research group clearly could not compete on their scale. So Jeong
created a robot to accomplish a more modest goal. First it gave us a map
of the nd.edu domain by mapping about 300,000 documents within the
University of Notre Dame, a rather eclectic collection containing every-
thing from philosophy course Web pages to Irish music fan sites. But we
were not concerned about the content of the pages. We were interested
only in the links that told us how to travel from one page to another.
With such a map at hand, we could then measure the distance between
any two pages within the university.

Just as Milgram saw some of his letters reaching the target person in
two steps while others took as many as eleven, our results indicated lots of
variability in the distances between Web documents. For example, my
graduate students have links to my Webpage; thus they are one click away
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from me. Yet going from my Webpage to the homepage of a philosophy
major would often require twenty clicks. What was astonishing, however,
is that, taken together, these paths were not as long as the vastness of the
Web would suggest. The measurements indicated that pages were on aver-
age eleven clicks away from each other. Paraphrasing Guare’s title, we
could say there are eleven degrees of separation at Notre Dame.

However, the Webpages within our university, the nd.edu domain,
represent only a tiny subset of the World Wide Web. The full Web in
1999 was at least 3,000 times larger. Would this mean that the distance
between two randomly selected nodes on the World Wide Web was
also 3,000 times longer than the eleven clicks our measurements indi-
cated? That is, would it take a full 33,000 clicks to get from one page to
another on the Web? To answer this question we needed a map of the
full Web. The problem was that nobody had one. Even the largest
search engines that tirelessly scan the Web with thousands of comput-
ers have managed to cover less than 15 percent of the Web’s full size.
Could we determine the separation for the full Web without such a
map! The answer was yes. But we had to use a method commonly em-
ployed in statistical mechanics—the field of physics that regularly deals
with random systems with unpredictable components or outcomes.

Our approach had a simple premise: If the Web is too large to fit
into our computer, then we should study many smaller pieces of it that
do fit. For example, we took a small portion of the Web, with only
1,000 nodes, and calculated the separation between any two nodes on
this tiny sample. Next we took a slightly larger piece, with 10,000
nodes, and determined the separation again. We repeated this for the
largest systems our computer allowed us to use and looked for trends in
the obtained node-to-node distances. The results indicated that the av-
erage separation between the nodes increased much more slowly than
the number of documents, following a very simple and reproducible
expression.! This finding allowed us to predict the separation on the

L. We found the separation to be proportional to the logarithm of the number of nodes
in the network. That is, if we denote d to be the average separation between the nodes
on a Web of N Webpages, then this separation followed the equation d = 0.35 + 2log N,
where log N denotes the base-10-logarithm of N.
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full Web as long as we know the total number of documents out there.
That number was provided by the NEC group. They estimated the size
of the publicly indexable Web to be around 800 million nodes at the
end of 1998. Thus our expression predicted that the diameter of the
Web was 18.59, close to 19. As Guare might say: nineteen degrees of
separation. While surfing might give you a different impression, in real-
ity the Web is a small world. Any document is on average only nine-
teen clicks away from any other.

3.

Taken together, Milgram’s six degrees and the Web’s nineteen degrees
suggest that behind the short observed distances there is something
more fundamental than humanity’s desire to spread social links all over
the globe. This suspicion was confirmed by subsequent discoveries
which demonstrated that small separations are common in just about
every network scientists have had a chance to study. Indeed, species in
food webs appear to be on average two links away from each other; mol-
ecules in the cell are separated on average by three chemical reactions;
scientists in different fields of science are separated by four to six coau-
thorship links; and the neurons in the brain of the C. elegans worm are
separated by fourteen synapses. In fact, it appears that the Web holds
the absolute record at nineteen degrees, as all other networks studied so
far display a separation between two and fourteen.

Nineteen degrees may appear to be drastically far from six degrees.
This is not the case, however. What is important is that huge networks,
with hundreds of millions or billions of nodes, collapse, displaying sepa-
ration far shorter than the number of nodes they have. Our society, a
network of six billion nodes, has a separation of six. The Web, with close
to a billion nodes, has a separation of nineteen. The Internet, a network
of hundreds of thousands of routers, has a separation of ten. Seen from
this perspective, the difference between six and nineteen is negligible.

The natural question is: Why? How do networks achieve such a
uniformly short path despite consisting of billions of nodes? The answer
lies in the highly interconnected nature of these networks. In the previ-



Six Degrees of Separation 35

ous chapter, we saw that random networks require only one link per
node to form a giant cluster. The question is, what if, as usually happens
in real networks, nodes have many more links than that? At the critical
point when the average connectivity is around one per node, the sepa-
ration between nodes could be rather large. But as we add more links,
the distance between the nodes suddenly collapses. Consider a network
in which the nodes have on average k links. This means that from a
typical node we can reach k other nodes with one step. There are, how-
ever, k? nodes two links away and roughly kd nodes exactly d links away.
Therefore, if k is large, for even small values of d the number of nodes
you can reach can become very large. Within a few steps you have
reached all nodes to be found, which explains why the average separa-
tion is so short in most networks.

These arguments can be easily turned into a mathematical formula
that predicts the separation in a random network as a function of the
number of nodes.2 The origin of the small separation is a logarithmic
term present in the formula. Indeed, the logarithm of even a very large
number is rather small. The ten-based logarithm of a billion is only
nine. For example, if we have two networks, both with an average of
ten links per node, but one 100 times larger than the other, the separa-
tion of the larger net will be only two degrees higher than the separa-
tion of the smaller one. The logarithm shrinks the huge networks, cre-
ating the small worlds around us.

4.

One of the most absentminded people of his generation, Karinthy was
well-known for forgetting meetings he had arranged ahead of time. Dezs6
Kosztolanyi, Karinthy's close friend and literary rival, once remarked, “I
have got to run home because Karinthy promised that he would visit us,
and perhaps he forgot that he promised, and he will indeed come.” Inter-
estingly, six degrees appears to follow a very Karinthyan path: forgotten,

2 If we have N nodes in the network, k¢ must not exceed N. Thus, using k¢ = N, we ob-
tain a simple formula that works well for random networks, telling us that the average
separation follows the equation d = log N/log k.
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reformulated, and rediscovered in the popular press and scientific texts
alike. I have no idea who originally discovered the six degrees concept.
The earliest written account that I know of comes from Karinthy. But
how did he get it? Did he think of it by himself? In view of his unparal-
leled intellect and fondness for unexpected and unconventional ideas, it
is not inconceivable. Or did he hear about it from others in the coffee-
house, as his short story suggests? We will perhaps never have an answer.
But it is interesting to speculate on the subsequent turn of events.
Karinthy’s short story was published in 1929, when Erdés, also living
in Budapest, was seventeen years old. As even unsuccessful books of
Karinthy’s were literary events, it is not unlikely that Erd&s read or heard
of the “Chains” story, in which Karinthy postulates that all people on
the earth can be connected by a chain of five acquaintances. The same
conjecture could even be made about Alfred Rényi, who, though only
nine years old when “Chains” appeared, had a unique affinity for litera-
ture. Indeed, he was known to have been good friends with many writ-
ers, including Karinthy’s son, Ferenc, a well-known writer himself.
Erd&s teamed up with Alfred Rényi in 1959 to write their famous
string of eight papers on random networks. The papers do contain the
expression giving the network’s diameter as a function of the number of
nodes. Should either of them have cared, they could have easily shown
that Karinthy’s intuition was correct, since the many social links we
have shrink even gigantic webs into truly tiny worlds. They never men-
tion this application in their papers, however, and we will probably
never know if they amused themselves with the idea while taking breaks
between proofs and theorems. But the links do not stop there. Stanley
Milgram published his experiments uncovering the 5.5 links in 1967,
four decades after Karinthy’s five-link conjecture and almost a decade af-
ter Erd&s and Rényi introduced the random network theory. He did not
seem to have been aware of the body of work on networks in graph the-
ory and most likely had never heard of Erdés and Rényi. He is known to
have been influenced by the work of Ithel de Sole Pool of MIT and
Manfred Kochen of IBM, who circulated manuscripts about the small-
world problem within a group of colleagues for decades without publish-
ing them, because they felt they had never “broken the back of the prob-
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lem.” Incidentally, Milgram is a child of a Hungarian father and Roman-
ian mother who immigrated to the United States and settled in the
Bronx. Could his father or uncles, who often visited, have been aware
even anecdotally of Karinthy’s five degrees? Could his real interest in the
problem have been rooted in stories he overheard as a child? This again
is something that we will never know, but it certainly suggests some in-
teresting paths in the evolution of the idea of six degrees.

5.

The six/nineteen degrees phrase is deeply misleading because it suggests
that things are easy to find in a small world. This could not be further
from the truth! Not only is the desired person or document six/nine-
teen links away, but so are all people or documents. In other words,
six—or ten or nineteen—can either be a very small number or a very
large one, depending on what you’re trying to do. Since the average
number of links on any given Web document is around seven, this
means that while we can follow only seven links from the first page,
there are 49 documents two clicks away, 343 three clicks away, and so
on. By the time we reach the nodes that are exactly nineteen degrees
away, in principle we would have checked 1016 documents, 10 million
times more than the total number of pages on the Web. This contra-
diction has an easy resolution: Some of the links we meet along the
road will point back to pages that we have seen before. Thus they are
not “new” links. But even if it takes only one second to check a document,
it would still take over 300 million years to get to all documents that
are nineteen clicks away! Nevertheless, despite the abundance of
choices, we sometimes find documents rather quickly, even without
search engines.

The trick, of course, is that we do not follow all links. Rather, we
use clues. Indeed, if we are looking for information on Picasso and are
faced with three choices on a given Webpage, we are more apt to follow
the modern art link than either the link for a famous wrestler or a frog’s
love life. By interpreting the links, we avoid having to check all the
pages within nineteen degrees and can zero in on the desired page
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within a few clicks. While this method seems to be the most efficient, it
almost always fails to find the shortest path. Indeed, it is always possible
that the wrestler whose Webpage we bypassed balances his tough guy
image with a link to the best Picasso site. But most people looking for
Picasso would ignore the wrestler’s link and eventually follow a longer
path to the destination. The computer, having no taste or bias (yet),
will chew through with equal excitement the wrestler, modern art, and
frog’s love life pages, pragmatically following the links to all of them. By
trying all the possible paths, it will inevitably locate the shortest one,
independent of the content of the intermediate pages.

Finding Picasso on the Web highlights a fundamental problem with
six degrees: Milgram’s method overestimated the shortest distance be-
tween two people in the United States. Six degrees is really an upper
limit. There is an enormous number of paths with widely different
lengths between any two people. Milgram’s subjects were never aware
of the shortest path to their target. This is like being lost in a huge maze
where we can see only the corridors and doors next to us. Even if we
have a compass and we know that the exit is toward the north, finding
it could be woefully inefficient and time-consuming. With a map of the
maze in hand, we could be out in five minutes. Similarly, Milgram’s let-
ters would have followed the shortest path between Omaha and Boston
only if all participants had had a map that compiled the social links of
all Americans. Lacking such a map, they forwarded the message to
those that they thought were most likely to take it in the right direc-
tion. For example, if you wish to be introduced to the president of the
United States, you would try to think of somebody who knows the
president. Most likely you would settle on your senator or representa-
tive. As most of us do not know our senator on a first name basis, we
would try to find somebody who does and who would be willing to bro-
ker a meeting with the president. That would take at least three hand-
shakes. In the meantime, you might have no clue that the gentleman
you sat next to a few days earlier at a dinner party went to school with
the president. Thus in reality you are only two degrees away from the
president. Similarly, the paths recorded by Milgram’s experiment were
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invariably longer than the shortest possible. Thus, the real separation
in society was clearly overestimated. It must be shorter than six—per-
haps shorter than Karinthy’s five. We don’t have a social search engine,
so we may never know the real number with total certainty.

6.

Six degrees is the product of our modern society—a result of our insis-
tence on keeping in touch. It is aided by our relatively newfound ability
to communicate over great distances—often over thousands of miles.
The global village we’ve grown used to inhabiting is a new reality for
humans. The ancestors of most Americans lost contact with those they
left behind in the old country. From the cattle herds on the prairies or
the gold mines of the Rocky Mountains it was impossible to reach
loved ones separated by oceans and continents. No postcards, no phone
calls. In the subtle social network of those days, it was rather difficult to
activate the links that had been broken when people moved. That
changed in this century as the mail system, the telephone, and then air
travel demolished barriers and shrank physical distances. Today immi-
grants to America can choose to maintain their links to the people they
leave behind. We can and do keep in touch. I keep track of my relatives
and friends even if they are as far away as Korea or eastern Europe. The
world has collapsed irreversibly in the twentieth century. And it is un-
dergoing yet another implosion right now, as the Internet reaches to
every corner of the world. Though we are nineteen clicks away from
everybody on the Web, we are only one click away from our friends.
They might have hopped three cities and five jobs since we last met in
person. But no matter where they are, we can usually find them on the
Internet if and when we wish to do so. The world is shrinking because
social links that would have died out a hundred years ago are kept alive
and can be easily activated. The number of social links an individual
can actively maintain has increased dramatically, bringing down the
degrees of separation. Milgram estimated six. Karinthy five. We could
be much closer these days to three.
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“Small worlds” are a generic property of networks in general. Short
separation is not a mystery of our society or something peculiar about the
Web: Most networks around us obey it. It is rooted in their structure—it
simply doesn’t take many links for me to reach a huge number of Web-
pages or friends. The resulting small worlds are rather different from the
Euclidean world to which we are accustomed and in which distances are
measured in miles. Our ability to reach people has less and less to do with
the physical distance between us. Discovering common acquaintances
with perfect strangers on worldwide trips repeatedly reminds us that some
people on the other side of the planet are often closer along the social
network than people living next door. Navigating this non-Euclidean
world repeatedly tricks our intuition and reminds us that there is a new
geometry out there that we need to master in order to make sense of the
complex world around us.



THE FOURTH LINK

Small Worlds

WHEN MARK GRANOVETTER SUBMITTED his first-ever paper for publi-
cation, he was still a graduate student at Harvard, but he had high
hopes for his manuscript. Harvard in the late 1960s was the right place
at the right time. Networks were about to infest sociology, and Harvard
and MIT were the hotbeds of the new ideas. A series of lectures by Har-
rison White, a pioneer of the network perspective in social sciences, ex-
posed Granovetter to social networks early in his graduate studies.
Many of the new ideas proved to have fallen on fertile ground in his
doctoral thesis, which brought under a sociological microscope an issue
that sooner or later plagues all graduates: how people get jobs. Instead
of polishing his résumé and going to job fairs, Granovetter crossed the
Charles River to Newton, Massachusetts. Whereas today Newton is a
wealthy suburb of Boston, in the late sixties it was a working-class
neighborhood. Aiming to find out how people “network”—use their so-
cial connections to land a new job—he interviewed dozens of manage-
rial and professional workers, asking them who helped them find their
current job. Was it a friend? He kept getting the same reply: No, it was
not a friend. It was just an acquaintance. This reminded Granovetter of
the classic chemistry lesson demonstrating how weak hydrogen bonds
hold huge water molecules together, and that image, stuck in his mind
since his freshman year, inspired his first research paper, a long, reveal-
ing manuscript on the importance of the weak social ties in our lives. He

41



42 LINKED

mailed it out in August 1969 to the American Sociological Review. In De-
cember he received word that two anonymous referees had rejected the
paper. As one put it, the manuscript should not be published for “an
endless series of reasons that immediately come to mind.” Terribly dis-
couraged, Granovetter did not touch the paper until three years later.
In 1972 he submitted a somewhat shortened version of the manuscript
to a different journal, the American Journal of Sociology. This time he
had better luck, and the paper was finally published in May 1973, four
years after its first submission. Today Granovetter’s paper, The Strength
of Weak Ties, is recognized as one of the most influential sociology
papers ever written. It is one of the most cited as well, featured as a
Citation Classic by Current Contents in 1986.

In The Strength of Weak Ties Granovetter proposed something that
sounds preposterous at first: When it comes to finding a job, getting
news, launching a restaurant, or spreading the latest fad, our weak so-
cial ties are more important than our cherished strong friendships. As
he put it, the structure of the social network around an ordinary person,
whom he calls Ego, is rather generic. “Ego will have a collection of
close friends, most of whom are in touch with one another—a densely
knit clump of social structure. Moreover, Ego will have a collection of
acquaintances, few of which know each other. Each of these acquain-
tances, however, is likely to have close friends in his own right and
therefore to be enmeshed in a closely knit clump of social structure, but
one different from Ego’s.”

Hidden within Granovetter’s argument there is an image of a society
that is very different from the random universe Erdés and Rényi de-
picted. In his view society is structured into highly connected clusters, or
close-knit circles of friends, in which everybody knows everybody else.
A few external links connecting these clusters keep them from being
isolated from the rest of the world. If Granovetter’s description is cort-
rect, then the network describing our society has a rather peculiar struc-
ture. It is a collection of complete graphs, tiny clusters in which each node
is connected to all other nodes within the cluster (Figure 4.1). These
complete graphs are linked to each other by a few weak ties between ac-
quaintances belonging to different circles of friends.
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Figure 4.1 Strong and Weak Ties. In Mark Granovetter’s social world, our
close friends are often friends with each other as well. The network behind such a
clustered society consists of small, fully connected circles of friends connected by
strong ties, shown as bold lines. Weak ties, shown as thin lines, connect the members
of these friendship circles to their acquaintances, who have strong ties to their own
[friends. Weak ties play an important role in any number of social activities, from

spreading rumors to getting a job.

Weak ties play a crucial role in our ability to communicate with the
outside world. Often our close friends can offer us little help in finding a
job. They move in the same circles we do and are inevitably exposed to
the same information. To get new information, we have to activate our
weak ties. Indeed, managerial workers are more likely to hear about a job
opening through weak ties (27.8 percent of the cases) than through
strong ties (16.7 percent). The weak ties, or acquaintances, are our bridge
to the outside world, since by frequenting different places they obtain
their information from different sources than our immediate friends.

In a random network there would be no circle of friends, as our
links to other nodes are completely random. In the Erd&s-Rényi social
universe the likelihood of my two closest friends knowing each other is



44 LINKED

the same as the chance that an Australian cobbler’s best friend is an
African tribal chief. But that is not what our society looks like. In most
cases two good friends know each other’s friends. They often go to the
same parties, frequent the same pubs, and watch the same movies. The
stronger the tie between two people, the larger the overlap between
their circles of friends. Though Granovetter’s argument about the im-
portance of weak ties at first glance may seem counterintuitive and
even paradoxical, it formulates a simple truth about our social organiza-
tion. Granovetter’s society, a fragmented web of fully connected clus-
ters communicating through weak ties, is truer to our daily experience
than the completely random picture offered by Erd&s and Rényi. To
fully understand the structure of society, somehow the theory of ran-
dom networks had to be reconciled with the clustered reality depicted
by Granovetter. It took almost three decades to accomplish this. Inter-
estingly, the clue for a possible solution did not come from sociology or
graph theory.

1.

Across from the Central Café, a few paces from Karinthy’s favorite win-
dow, you descend through a small door and narrow underground stair-
case into one of the elite studio theaters of Budapest. Appropriately
named the Kamra, or Closet, since it holds only about ten actors on the
stage and a hundred people in the audience, the seats at its perform-
ances are highly coveted by those familiar with Budapest’s burgeoning
theater life. The last performance I watched in the Kamra did away
with the curtain to save space, forcing the audience to guess exactly
when the play ended. It was hard to miss, though, as suddenly everyone
around me burst into tumultuous applause, which was echoed and am-
plified by the black walls of the small underground cavern. In no time
the chaotic thunder gave way to unison clapping. Our palms came to-
gether at precisely the same moment, united by a mysterious force that
urged us to clap in phase, as if following the baton of an invisible con-
ductor. As the actors bowed, disappeared backstage, and reappeared,
the rhythmic applause grew even stronger. Its synchrony dissolved tem-
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porarily as the clapping gathered speed and strength, only to reappear
in full force a few seconds later.

Synchronized clapping is hardly unique to the tiny Kamra theater
of Budapest. It is a regular occurrence after theater performances, con-
certs, or sports events in eastern Europe and is occasionally heard all
over the world. It spontaneously emerged, for example, in Madison
Square Garden when the audience unconsciously synchronized its clap-
ping to honor Wayne Gretzky, the legendary hockey player, before his
retirement from the New York Rangers in 1999. Spontaneous and mys-
terious, synchronized clapping offers a wonderful example of self-organ-
ization following strict laws extensively researched by physicists and
mathematicians. Some species of fireflies are also subject to these laws.
In southwest Asia they gather by the millions around tall mangrove
trees, flashing periodically. Then suddenly, all the fireflies begin to
switch their fluorescent tails on and off at exactly the same moment,
turning the beacon-shaped tree into a huge pulsing light bulb visible for
miles. A subtle urge to synchronize is pervasive in nature. Indeed, it
drives the firing of thousands of pacemaker cells in the heart and brings
into synchrony the menstrual cycles of women who live together for
long periods of time.

Duncan Watts, working on his Ph.D. in applied mathematics at
Cormnell University in the mid-1990s, was asked to investigate a pecu-
liar problem: how crickets synchronize their chirping. Male crickets at-
tract females by chirping loudly. Unlike many humans, crickets eschew
the spotlight by carefully listening to the other crickets around them,
adjusting their chirp to match that of their neighbors. Put many of
them together and from the cacophony a symphony emerges that we
often enjoy on the back porch on humid summer nights.

Watts does not fit the stereotypical image of a bookish mathe-
matician. Possessing an agile mind, he has the rare ability to stop, step
back, and reflect on his work, changing direction if he needs to. In-
deed, the cricket study turned him into a student of social networks
and eventually a sociologist, a transformation made official in 2000
when he was offered a professorship in the department of sociology at
Columbia University.
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While struggling to grasp how crickets synchronize, Watts was
struck by the concept of six degrees of separation, planted in his head by
his father during a casual conversation. People wonder about things like
six degrees all the time, but such coffeehouse philosophy rarely leads to
serious research. Watts thought that to fully comprehend how crickets
synchronize he needed to understand how they pay attention to each
other. Do all crickets listen to every other cricket that is chirping? Or do
some pick a favorite one and try to synchronize with that one only?
What is the structure of the network encoding how crickets, or people,
influence each other? Finding himself thinking more and more about
networks, and less and less about crickets, Watts approached his Ph.D.
advisor, Steven Strogatz for advice. An applied mathematics professor at
Cornell with a distinguished record in the study of chaos and synchro-
nization, Strogatz is not known for allowing an unconventional idea to
pass him by. Soon they were off to uncharted territories, taking networks
beyond the boundaries set by Erd&s and Rényi.

Watts started his voyage into networks with a simple question:
What is the likelihood that two friends of mine know each other? As
we have just seen, this question has a clear answer in random network
theory. Because the nodes are linked randomly, my two best friends
have the same chance of knowing each other as do a gondolier from
Venice and an Eskimo fisherman. Clearly, as Granovetter argued
twenty-five years earlier, that is not how society works. We are part of
clusters in which everybody knows everybody else. Thus my two best
friends will inevitably know each other. To gather evidence about the
clustered nature of society in terms that are acceptable to a mathe-
matician or physicist we need to be able to measure clustering. To
achieve this, Watts and Strogatz introduced a quantity called the clus-
tering coefficient. Let’s assume that you have four good friends. If they
are all friends with each other as well, you can connect each of them
with a link, obtaining altogether six friendship links. Chances are,
however, that some of your friends are not friends with each other.
Then the real count will give fewer than six links—let’s say, four. In
this case the clustering coefficient for your circle of friends is 0.66, ob-
tained by dividing the number of actual links between your friends
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(four) by the number of links that they could have if they were all
friends with each other (six).

The clustering coefficient tells you how closely knit your circle of
friends is. A number close to 1.0 means that all your friends are good
friends with each other. On the other hand, if the clustering coefficient
is zero, then you are the only person who holds your friends together, as
they do not seem to enjoy each other’s company. Granovetter’s vision
of society includes many highly connected clusters, linked to each
other by weak ties. Such a highly clustered network should have a large
clustering coefficient. To obtain quantitative evidence that society is
indeed full of such clusters, we would need to measure the clustering
coefficient for each person on Earth. As there are no maps telling us
who is connected to whom and who is friends with whom, this is an im-
possible task. Fortunately, however, a peculiar subset of society regularly
publishes their social ties. We can therefore look for clustering among
this unusual group.

2.

Today Paul Erd&s is famous not only for his countless theorems and
proofs, but also for a concept he inspired: the Erd8s number. Erd&s pub-
lished over 1,500 papers with 507 coauthors. It is an unparalleled honor
to be counted among his hundreds of coauthors. Short of this, it is a
great distinction to be only two links from him. To keep track of their
distance from Erd8s, mathematicians introduced the Erd&s number.
Erd8s has Erd8s number zero. Those who coauthored a paper with him
have Erd&s number one. Those who wrote a paper with an Erd&s coau-
thor have Erd8s number two, and so on. A low Erd&s number is a matter
of pride—so much so that some suspect that counterfeit collaborations
may have been concocted after Erdss’s death in 1996 to lower someone’s
number. Consequently, mathematicians all around the world have been
(and still are) scrambling to figure out their distance from this eccentric
center of the math universe. To ease their search, Jerry Grossmann, a
professor of mathematics at Oakland University in Rochester, Michigan,
maintains a detailed Webpage collecting the Erd&s numbers for thousands
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of mathematicians, allowing any published mathematician to calculate
his or her own.

Most mathematicians turn out to have rather small Erd8s numbers,
being typically two to five steps from Erd@s. But Erd&s’s influence goes
well beyond his immediate field. Economists, physicists, and computer
scientists also can be easily connected to him. Einstein has Erd8s number
two. Paul Samuelson, the Nobel prize—winning economist, has five.
James D. Watson, the codiscoverer of the double helix, has eight. Noam
Chomsky, the famous linguist, has four. Even William H. (Bill) Gates,
founder of Microsoft, who has published little science, has an Erdés num-
ber of four. My Erd&s number is also four: Erd8s wrote a paper with
Joseph E. Gillis, who had George H. Weiss among his seventeen coau-
thors, who in turn worked with H. Eugene Stanley, my Ph.D. advisor,
with whom I have coauthored a book and over a dozen scientific articles.

The very existence of the Erd6s number demonstrates that the sci-
entific community forms a highly interconnected network in which all
scientists are linked to each other through the papers they have writ-
ten. The smallness of most Erd6s numbers indicates that this web of sci-
ence truly is a small world. As it only rarely happens that the authors of
a publication do not personally know each other, coauthorships repre-
sent strong social links. Consequently, the web of science is a small-
scale prototype of our social network, with the unique feature that its
links are regularly published. Indeed, so that researchers can locate pa-
pers on a certain topic, all scientific publications are recorded in com-
puterized databases; this automatically creates a detailed digital record
of the social and professional links between scientists. We can therefore
use them to study the structure of the collaboration network.

This is exactly what a group of us did in the spring of 2000. Tamds
Vicsek, a distinguished researcher and chairman of the department of
biological physics at Edtvés University in Budapest during the aca-
demic year 1999-2000, organized a year-long program focusing on bio-
logical physics at the Institute of Advanced Study, located in a charm-
ing medieval Buda castle overlooking the Danube. Zoltin Néda, a
physicist from Romania, was one of the participants, and he had
brought along Erzsébet Ravasz, at that time a masters student in Néda’s
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group. Also joining the team was Andrds Schubert, an expert on socio-
metrics working for the Hungarian Academy, who had access for re-
search purposes to large coauthorship databases. Together with Vicsek,
Ravasz, Néda, Schubert, and Hawoong Jeong, we linked all mathemati-
cians through papers published between 1991 and 1998, reassembling
the highly interwoven network of 70,975 mathematicians connected
by over 200,000 coauthorship links. If the mathematicians had chosen
their coauthors randomly, the resulting random network would be pre-
dicted by the Erdés-Rényi theory to have a very small clustering coeffi-
cient, approximately 10-5. However, our measurements indicated that
the clustering coefficient for the real collaboration network is about
10,000 times larger than that, proving that mathematicians do not pick
their collaborators randomly. Rather, they form a highly clustered net-
work, similar to the one spotted by Granovetter in society at large.

Unknown to us, Mark Newman, a physicist at the Santa Fe Insti-
tute, had also been investigating the collaboration graph of scientists—
in particular physicists, medical doctors, and computer scientists—ask-
ing questions similar to the ones we were asking in Budapest. Newman,
whose expertise ranges from random systems to species extinctions in
ecosystems, recognized the unique opportunity our computerized world
offers us to finally understand networks. Before turning to collaboration
networks, he had already written several papers on small worlds that are
now considered classics. As our computer was churning out the first re-
sults, he posted on the Internet his first paper on collaborations be-
tween scientists. Newman’s paper proved that the day-to-day business
of science is conducted in densely linked clusters of scientists con-
nected by occasional weak ties. His work, combined with our own, of-
fered quantitative evidence for something we had felt to be true all
along but that was notoriously difficult to measure before computers:
Clustering is indeed present in social systems.

3.

Clustering in society is something we understand intuitively. Humans
have an inborn desire to form cliques and clusters that offer familiarity,



50 LINKED

safety, and intimacy. However, a property of the social network is only of
interest to scientists if it reveals something generic about most networks
in nature. Therefore, Watts and Strogatz’s most important discovery is
that clustering does not stop at the boundary of social networks.

Though it is common to associate human intelligence with the
complexity and size of the neural network within our brain, the unpro-
nounceable Caenorhabditis elegans, which goes by its nickname, C. ele-
gans, is living proof of how far one can get with a mere 302 neurons.
Despite its two-to-three-week life span, this one-millimeter worm has
had a shining career since Sydney Brenner, a prominent molecular biol-
ogist at the Molecular Sciences Institute in Berkeley, California, picked
it in 1962 as a “guinea pig” of molecular biology. Since then it has been
featured in thousands of articles and bred in hundreds of laboratories
worldwide, and several Webpages are dedicated to it.

Though its genome is not that different from humans’, C. elegans is
one of the simplest multicellular organisms. Indeed, scientists have suc-
ceeded in figuring out the precise wiring of its nervous system, creating
a map that details which neurons are connected to which. Studying
this neural wiring diagram, Watts and Strogatz found that this tiny web
is not much different from society at large: It displays a high degree of
clustering—so high in fact that the neighbors of a neuron are five times
more likely to be linked together than would be the case in a random
network. The researchers detected the same pattern when studying the
electricity network of the western United States, the nodes of which
are generators and transformers linked together by power lines. This
power network also displays an unusually high degree of clustering. So
does the collaboration network of Hollywood actors, a network that we
will discuss in detail in the next chapter.

Thanks to the high interest in clustering generated by Watts and
Strogatz’s unexpected discovery, the scientific community has subse-
quently scrutinized many networks. We now know that clustering is pres-
ent on the Web; we have spotted it in the physical lines that connect
computers on the Internet; economists have detected it in the network
describing how companies are linked by joint ownership; ecologists see it
in food webs that quantify how species feed on each other in ecosystems;
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Figure 4.2 A Small and Clustered World. To model networks with a high
degree of clustering, Duncan Watts and Steven Strogatz started from a circle of
nodes, where each node 1s connected to its immediate and next-nearest neighbors
(left). To make this world a small one, a few extra links were added, connecting
randomly selected nodes (right). These long-range links offer the crucial short-
cuts between distant nodes, drastically shortening the average separation be-

tween all nodes.

and cell biologists have learned that it characterizes the fragile network
of molecules packed within a cell. The discovery that clustering is ubiqui-
tous has rapidly elevated it from a unique feature of society to a generic
property of complex networks and posed the first serious challenge to the
view that real networks are fundamentally random.

4.

To explain the ubiquity of clustering in most real networks, Watts
and Strogatz offered an alternative to Erd6s and Rényi’s random net-
work model in their 1998 study published in Nature. They proposed a
model that for the first time reconciled clustering with the com-
pletely haphazard character of random graphs. They envisioned that
people live on a circle (Figure 4.2) along which everybody knows
their immediate neighbors. In this simple model each node has exactly
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four neighbors, who are connected to each other by three links. Thus,
the resulting network has a high clustering coefficient. Indeed, if all
four neighbors were connected to each other, there would be six links
between them. Since there are only three, the clustering coefficient is
3/6, or 0.5, close to the 0.56 we found for mathematicians. To see that
this indeed represents significant clustering, consider a random network
in which a typical node still has four neighbors but is connected ran-
domly to any node in the system. The number of links between my four
neighbors now depends on the size of the network. If | have twelve
nodes, as | do in the figure, the clustering coefficient is 0.33. For 1 bil-
lion nodes, however, it drops to four over a billion! Clearly the cluster-
ing coefficient of 0.5, which the new model predicts, is gigantic com-
pared to these values.

We have to pay a price, however, for the high clustering the model
offers us. Our small world is gone. In the model society shown in the
figure only my immediate and next nearest neighbors are close to me.
To get to somebody on the other side of the circle, I would literally
- have to go around the circle, shaking innumerable hands along the way.
Indeed, it is easy to check that the shortest path connecting the top
node to the bottom one is at least three links long. That may not sound
like a lot, but if | had had the patience (and space) to draw 6 billion
nodes along the same ring, each connected to its immediate and next
neighbors, the shortest path to the opposite side of the circle would re-
quire more than a billion handshakes! Thus a society on a circle not
only is highly clustered but represents a very large world, as well.

In reality we all have links to distant people around the globe. Each
of us has friends who do not live next door to us. If I want to find a path
to a person in Australia, I will not go door to door, since sooner or later
I will hit the Pacific Ocean. Instead, 1 remember that my best friend
from high school moved to Sydney a few years ago. Thus all I need to
do is find a link to my Australian target through the increasingly dense
friendship links my friend is creating around him right now. A realistic
model of society today must allow for distant links. We can easily
achieve this in the model described above by adding a few links to some
randomly chosen nodes around the circle. That is, pick any two nodes
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along the circle and connect them with a new link. This will decrease

to one the distance between the selected nodes, and their immediate

neighbors will be a lot closer to each other too. If I add many such ran-
dom links, 1 can bring all the nodes very close together.

The surprising finding of Watts and Strogatz is that even a few extra
links are sufficient to drastically decrease the average separation be-
tween the nodes. These few links will not significantly change the clus-
tering coefficient. Yet thanks to the long bridges they form, often con-
necting nodes on the opposite side of the circle, the separation between
all nodes spectacularly collapses. The model’s ability to severely de-
crease the separation while keeping the clustering coefficient practi-
cally unchanged indicates that we can afford to be very provincial in
choosing our friends, as long as a small fraction of the population has
some long-range links. According to the insight provided by this simple
model, six degrees are rooted in the fact that a few people have friends
and relatives that do not live next door any longer. These distant links
offer us short paths to people in very remote areas of the world. Huge
networks do not need to be full of random links to display small world
features. A few such links will do the job.

5.

The publication of the Watts-Strogatz paper on clustering, two years af-
ter Erd8s’s death, garnered enormous interest among physicists and
mathematicians alike. First, it formalized Granovetter’s vision by offer-
ing a model that did display significant clustering. Second, it played a
unique role in bringing the small-world problem, a much investigated
issue within sociology, to the attention of the physics and mathematics
community. For a short time it seemed as if the more general, cluster-
friendly model of Watts and Strogatz would replace the random uni-
verse of Erd6s and Rényi. We could all relate to the simple picture of fa-
miliar local order sprinkled with a few distant links, offering a lucid
explanation of the small worlds around us. The model offered an ele-
gant compromise between the completely random world of Erd&s and
Rényi, which is a small world but hostile to circles of friends, and a
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regular lattice, which displays high clustering but in which nodes are
far from each other.

Today we understand that the Watts-Strogatz model is not incom-
patible with the Erd&s-Rényi worldview. To be sure, by assuming that
we start with a regular lattice, it does allow for clusters. But in many
ways, its fundamental philosophy continues to follow closely the Erdés-
Rényi vision. Indeed, apart from the initial arranging of the nodes
along a circle, we connect the nodes completely randomly to each
other. Therefore both models depict a deeply egalitarian society, whose
links are ruled by the throw of a dice.

When the landmark paper of Watts and Strogatz was published in
1998, my research group was trying to understand the structure of com-
plex networks, focusing mainly on the Word Wide Web. It took us a
while to fully grasp the important message of the paper and to appreci-
ate the new model’s ability to bring together the Erd&s-Rényi world-
view with Granovetter’s clustered society. By the time it finally sank in,
we had an emergency at hand. Our tiny robot returned from the Web
with a network that was drastically different from the predictions of
both the Erd&s-Rényi and the Watts-Strogatz models. As we will see in
the next chapter, it carried home a bunch of hubs—nodes with an ex-
traordinarily large number of links. The problem was that in the egali-
tarian model of Erdés and Rényi such hubs are extremely rare; thus it
was clear that the model could not account for our robot’s inding. The
Watts-Strogatz model did not fare much better: It, too, forbids nodes
with significantly more links than the average node has. Something im-
portant was clearly missing from both models, limiting our understand-
ing of the weblike universe. The data prompted us to search for a better
understanding of real networks, eventually forcing us to abandon alto-
gether the random worldview. Following this path, the events took a
very unexpected turn. We had to give up just about everything we had
learned about networks thus far.




THE FIFTH LINK

Hubs and Connectors

MALCOLM GLADWELL, A STAFF WRITER at the New Yorker magazine, de-
scribes in his recent book, The Tipping Point, a simple test to measure
how social you are. He gives you a list of 248 surnames compiled from a
Manhattan phone book and asks you to give yourself a point if you
know anybody with that name. Multiples count, too: If you know three
people named Jones, one of the names on the list, you get 3 points.
Running the list by college students in the City College of Manhattan,
most of them recent immigrants in their early twenties, Gladwell
recorded an average score of 21. In other words, they typically knew
about twenty-one people with the same surname as somebody on the
list. A random group of mostly white, highly educated academics scored
around 39, almost double that of the college students. This was hardly
surprising. But what caught Gladwell’s attention was the range. In the
college class, the scores ranged from 2 to 95. In a random sample, the
low score was 9 and the high score was 118. Even for a highly homoge-
nous group of people of similar age, education, and income the range
was enormous: The lowest score was 16 while the highest was 108.
Gladwell ended up testing about four hundred people altogether, find-
ing a few high scorers in every social group he looked at. His conclusion
was unavoidable: “Sprinkled among every walk of life . . . are a handful
of people with a truly extraordinary knack of making friends and ac-
quaintances. They are connectors.”

55
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Connectors are an extremely important component of our social
network. They create trends and fashions, make important deals,
spread fads, or help launch a restaurant. They are the thread of soci-
ety, smoothly bringing together different races, levels of education,
and pedigrees. In noticing connectors, Gladwell thought that he was
seeing something particularly human. In fact, unknown to him, he
had stumbled across something altogether bigger, a phenomenon that
was puzzling my research group well before the publication of The Tip-
ping Point. Connectors—nodes with an anomalously large number of
links—are present in very diverse complex systems, ranging from the
economy to the cell. They are a fundamental property of most net-
works, a fact that intrigues scientists from disciplines as disparate as
biology, computer science, and ecology. Their discovery has turned
everything we thought we knew about networks on its head. Clustering
exposed the first crack in the Erd8s-Rényi random worldview. The
simple model of Watts and Strogatz, discussed in the previous chapter,
saved the day, reconciling the circle of friends with six degrees of sep-
aration. The connectors are the final blow to both models. Accounting
for these highly connected nodes requires abandoning once and for
all the random worldview.

1.

Cyberspace embodies the ultimate freedom of speech. Some may be of-
fended, others may love it, but the content of a Webpage is hard to cen-
sor. Once posted, it is available to hundreds of millions of people. This
unparalleled license of expression, coupled with diminished publishing
costs, makes the Web the ultimate forum of democracy; everybody’s
voice can be heard with equal opportunity. Or so insist constitutional
lawyers and glossy business magazines. If the Web were a random net-
work, they would be right. But it is not. The most intriguing result of
our Web-mapping project was the complete absence of democracy, fair-
ness, and egalitarian values on the Web. We learned that the topology
of the Web prevents us from seeing anything but a mere handful of the
billion documents out there.
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When it comes to the Web, the key question is no longer whether
your views can be published. They can. Once published, they will be
instantaneously available to anyone around the world with an Internet
connection. Rather, faced with a jungle of a billion documents, the
question is, if you post information on the Web, will anybody notice it?

In order to be read you have to be visible, a truism equally valid for
fiction writers and scientists. On the Web the measure of visibility is
the number of links. The more incoming links pointing to your Web-
page, the more visible it is. If each document on the Web had a link to
your Webpage, in a very short time everyone would know what you had
to say. But the average Webpage only has about five to seven links, each
pointing to one of the billion pages out there. Therefore, the likelihood
that a typical document links to your Webpage is close to zero.

This conclusion applies perfectly to my homepage, www.nd.edu/~alb.
According to AltaVista, there are about forty other pages worldwide link-
ing to it. Frankly, that is a lot, considering its narrow scope. But if you
take into account that there are about a billion pages to choose from, the
likelihood of your discovering my Webpage is roughly forty in a billion.
That is, if you randomly surf the Web and a visit to each Webpage lasts
only ten seconds, you will be surfing eight years, day and night, before you
run across a link pointing to my home page.

Each of us has very different interests, values, beliefs, and tastes.
The links we add to our Webpages reflect this diversity. We link all over
the map, from sites on African tribal art to e-commerce portals. Con-
sidering the billion plus nodes from which we can choose, we might ex-
pect the resulting linking pattern to look fairly random. Such random
linking would imply that the Erd&s-Rényi model reigns. A random
Web would be the ultimate carrier of egalitarianism, since the Erdés-
Rényi theory guarantees that all nodes are very similar to each other,
each having roughly the same number of incoming links.

Our measurements, however, defied these expectations. The map
returned by our robot offered evidence of a high degree of unevenness
in the Web’s topology. Of the 325,000 pages on the University of Notre
Dame’s domain we investigated, 270,000, or 82 percent of all pages, had
three or fewer incoming links. However, a small minority, about 42
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pages, had been referenced by over a thousand other pages and had
more than 1,000 incoming links! Subsequent measurements on a
sample of 203 million Webpages uncovered an even wider spectrum:
The vast majority, as many as 90 percent of all documents, have ten or
fewer links pointing to them, while a few, about three, are referenced by
close to a million other pages!

Just as in society a few connectors know an unusually large number
of people, we found that the architecture of the World Wide Web is
dominated by a few very highly connected nodes, or hubs. These hubs,
such as Yahoo! or Amazon.com, are extremely visible—everywhere you
go, you see another link pointing to them. In the network behind the
Web many unpopular or seldom noticed nodes with only a small number
of links are held together by these few highly connected Websites.

The hubs are the strongest argument against the utopian vision of
an egalitarian cyberspace. Yes, we all have the right to put anything we
wish on the Web. But will anybody notice? If the Web were a random
network, we would all have the same chance to be seen and heard. In a
collective manner, we somehow create hubs, Websites to which every-
one links. They are very easy to find, no matter where you are on the
Web. Compared to these hubs, the rest of the Web is invisible. For all
practical purposes, pages linked by only one or two other documents do
not exist. It is almost impossible to find them. Even the search engines
are biased against them, ignoring them as they crawl the Web looking
for the hottest new sites.

2.

Kevin Bacon’s movie The Air Up There was airing on television the
night that Craig Fass, Brian Turtle, and Mike Ginelly, students from
Albright College in Reading, Pennsylvania, had a revelation. It sud-
denly occurred to them that Bacon had played in so many different
movies that you could connect him to just about any actor in Holly-
wood. Full of excitement, in January of 1994 they mailed a letter to
the Jon Stewart Show, an irreverent celebrity talk show popular with
college audiences. “We are three men on a mission. QOur mission is to
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prove to the Jon Stewart audience, nay, the world, that Bacon is God.”
Much to their surprise, they got their fifteen minutes of fame. They
were invited to appear on the Stewart show with Kevin Bacon, and
charmed the audience with their ability to connect Bacon to any actor
whose name was thrown at them. Down the line, however, they were
desperately wrong. Bacon is no closer to the center of Hollywood than
to the center of the universe.

The genius, if it can be called that, of these three students was their
observation that every actor in Hollywood could be connected to Kevin
Bacon with typically two to three links. For example, Tom Cruise is only
one step away from Bacon because they played together in A Few Good
Men. Using the Erd6s number analogy, Tom Cruise has Bacon number
one. Mike Myers has two, being connected to Robert Wagner through
The Spy Who Shagged Me. Wagner has Bacon number one thanks to Wild
Things. But even such historical figures as Charlie Chaplin have a path
to Bacon: Chaplin played with Barry Norton in Monsieur Verdoux, who
played with Robert Wagner in What Price Glory, who, as we already
know, is only one link away from Bacon. Thus Charlie Chaplin has Ba-
con number three. To further tangle the tale, Paul Erd&s has a Bacon
number four, by virtue of N Is a Number, a documentary about him in
which he plays himself. In the cast was Gene Patterson, playing himself,
who later had a small role in the movie Box of Moonlight, through which
he gains Bacon number three. And since N Is a Number featured the
créme de la créme of graph theory, many mathematicians have not only
a small Erd&s number but a small Bacon number too.

The Kevin Bacon game would have remained mere movie trivia
had two computer science students not watched the Stewart show.
Glen Wasson and Brett Tjaden, from the University of Virginia, imme-
diately realized that determining the distance between any two actors
was a viable computer science project, if one had access to a complete
database of all actors and movies ever released. The Internet Movie
Database, or IMDb.com, a cinephile powerhouse offering more infor-
mation about actors and movies than one could ever need, was already
in place. It took Wasson and Tjaden a few weeks of programming to set up
The Oracle of Bacon Website, which became the unbeatable master of
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the game. If you type in the name of any two actors, in milliseconds it
provides the shortest path between them, listing the chain of actors and
movies through which they are connected. In no time the Website was
receiving over 20,000 visits per day, eventually landing on Time maga-
zine’s list of top ten sites of 1997. Last time I checked, on August 26,
2001, it had hosted over 13,000 visitors that day alone.

3.

We can play the Kevin Bacon game because Hollywood forms a densely
interconnected network in which the nodes are actors linked by the
movies in which they have appeared. An actor has links to all other ac-
tors in the cast. Thus those who have played in several movies acquire
links quickly. As each actor has an average of twenty-seven links, many
more than the necessary one to make the network fully connected, six
degrees is unavoidable: Each actor can be connected to any other actor
through three links on average. Yet, as my research group has noticed
when analyzing the actor network, averages do not apply here. As
many as 41 percent of actors have fewer than ten links. These are the
less known actors whose names appear on the movie screen after you
have walked out of the theater. A tiny minority of actors, however,
have far more than ten links. John Carradine collected 4,000 links to
other actors during his prolific career, while Robert Mitchum acted
with 2,905 colleagues during his decades on the silver screen. These ex-
ceptionally well connected actors are the hubs of Hollywood. Remove a
few of them, and suddenly the paths from almost any actor to Bacon
will drastically lengthen.

On the one hand, an educated guess would be that the actors who
have played in the most movies are also the most connected, having the
shortest distance to everybody else in Hollywood. This turns out to be
true on average: The more movies an actor plays in, the shorter his or
her average distance to his or her peers. On the other hand, the list of
actors with the most movies fails to give us the most-connected actors
and holds some surprises, too. Compiled by Hawoong Jeong, the top ten
list, showing in parentheses the number of movies in which they played,
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looks like this: Mel Blanc (759), Tom Byron (679), Marc Wallice (535),
Ron Jeremy (500), Peter North (491), T. T. Boy (449), Tom London
(436), Randy West (425), Mike Horner (418), and Joey Silvera (410).
I'd wager that for most of you these names are as unrecognizable as they
were to us when we first looked at the list. Well, you might know Mel
Blanc, the famed voice of popular and beloved animated cartoon char-
acters like Bugs Bunny, Woody Woodpecker, Daffy Duck, Porky Pig,
Tweety Pie, and Sylvester. And those over fifty years old would have
seen Tom London, perhaps the most prolific B western movie actor, por-
tray countless sheriffs, ranch owners, and henchmen. The rest of the ac-
tors on the most-prolific list, however, eluded us. In the end, after some
research, we pinned them down. They are all porn stars.

This list is perhaps the most vivid demonstration that, when it
comes to networks, size does not always matter. Despite the record
number of movies porn stars make, they fail to be anywhere near the
center of Hollywood. As networks are clustered, nodes that are linked
only to nodes in their cluster could have a central role in that subcul-
ture or genre. Without links connecting them to the outside world,
they can be quite far from nodes in other clusters. Thus it is rather diffi-
cult to connect an actor who has played only in porn movies and has
links only to porn stars to the cast of a Martin Scorsese or Andrey
Tarkovsky movie. They simply move in very different worlds. The truly
central position in networks is reserved for those nodes that are simul-
taneously part of many large clusters. They are the actors who have
played in very different genres during their careers. They are the Web-
pages that not only reference modern art, but have links to all domains
of human inquiry. They are the people who regularly come into contact
with people from diverse fields and social strata. They are the Erd&ses of
mathematics, who cannot be confined to a box, who take on with equal
ease problems relevant to many subfields of science. They are the
Leonardo da Vincis of networks, equally at home in arts and sciences.

Of course, Bacon is a prominent Hollywood actor. He has played in
over forty-six movies, collecting links to more than 1,800 actors. His
average separation from everyone else in Hollywood is 2.79—that is,
most actors are within three links of him. This is the reason that some
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are so good at the Kevin Bacon game, easily connecting any other actor
to him. But is Bacon the most connected actor? When Hawoong Jeong
prepared the list of the thousand most-connected actors, the real hubs
of Hollywood, it took us a while to find Bacon on it. We saw Rod
Steiger in the number-one spot, with an average distance of 2.53 from
everybody else. Donald Pleasence, with a separation of 2.54, was right
behind him. Martin Sheen, Christopher Lee, Robert Mitchum, and
Charlton Heston took up the next four spots, each with a separation
less than 2.57. We read hundreds of names, browsing through dozens of
pages, without a sign of Bacon. Eventually we discovered him towards
the end of the list, at the 876th spot.

Why do we play the Kevin Bacon game then? Bacon’s prominence
is a historical fluke, rooted in the publicity offered by the Stewart show.
Every actor is three links from most actors. Bacon is by no means spe-
cial. Not only is he far from the center of the universe, he’s far indeed
from the center of Hollywood.

4.

A random universe does not support connectors. If society were ran-
dom, then in Gladwell’s modest social sample of four hundred people,
with their average of around 39 social links, the most social person
should have far fewer acquaintances than the 118 found. If the Web
were a random network, the probability of there being a page with five
hundred incoming links would be 10-*—that is, practically zero, indi-
cating that hubs are forbidden in a randomly linked Web. Yet the latest
Web survey, covering less than a fifth of the full Web, found four hun-
dred such pages and one document with over two million incoming
links. The chance of finding such a node in a random network is
smaller than the chance of locating a particular atom in the universe. If
Hollywood forms a random network, Rod Steiger does not exist, as the
probability of having such a well connected actor is about 10-120, which
is such a small number that it’s hard to come up with a proper
metaphor. These incredibly small numbers help explain our surprise
when we first spotted hubs on the Web and in Hollywood during our
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early attempts to understand the structure of real networks. There was
nothing to prepare us for them because they were forbidden by both the
Erd&s-Rényi and the Watts-Strogatz models. They simply were not sup-
posed to exist.

The discovery that on the Web a few hubs grab most of the links
initiated a frantic search for hubs in many areas. The results are star-
tling: We now know that Hollywood, the Web, and society are not
unique by any means. For example, hubs surface in the cell, in the net-
work of molecules connected by chemical reactions. A few molecules,
such as water or ademosine triphosphate (ATP), are the Rod Steigers
of the cell, participating in a huge number of reactions. On the Inter-
net, the network of physical lines connecting computers worldwide, a
few hubs were determined to play a crucial role in guaranteeing the In-
ternet’s robustness against failures. Erd&s is a major hub of mathemat-
ics, as 507 mathematicians have ErdSs number one. According to an
AT&T study, a few phone numbers are responsible for an extraordinar-
ily high fraction of calls placed or received. While those with a
teenager living in their homes might have suspicions about the iden-
tity of some of these phone hubs, the truth is that telemarketing firms
and consumer service numbers are probably the real culprits. Hubs ap-
pear in most large complex networks that scientists have been able to
study so far. They are ubiquitous, a generic building block of our com-
plex, interconnected world.

5.

Lately hubs are enjoying exceptional attention. Celebrating the power
of connectors, Emanuel Rosen spends several chapters in his book The
Anatomy of Buzz categorizing social hubs and inspecting their role in
spreading news and hype. Every four years the United States inaugu-
rates a new social hub—the president. Indeed, Franklin Delano Roo-
sevelt’s appointment book had about 22,000 names in it, making him
one of the biggest hubs of his era. Three prominent biologists have re-
cently suggested in the prestigious scientific journal Nature that the
hublike nature of a certain molecule, the p53 protein, is the key to
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understanding the processes behind many forms of cancer at the molec-
ular level. Ecologists believe that the hubs of food webs are the key-
stone species of an ecosystem, paramount in maintaining the ecosys-
tem’s stability.

The attention to hubs is well deserved. Hubs are special. They
dominate the structure of all networks in which they are present, mak-
ing them look like small worlds. Indeed, with links to an unusually
large number of nodes, hubs create short paths between any two nodes
in the system. Consequently, while the average separation between two
randomly selected people on Earth is six, the distance between anybody
and a connector is often only one or two. Similarly, while two pages on
the Web are nineteen clicks away, Yahoo.com, a giant hub, is reachable
from most Webpages in two to three clicks. From the perspective of the
hubs the world is indeed very tiny.

The view that networks are random, held for decades under the in-
fluence of Erd&s and Rényi, has lately been questioned on many fronts.
Watts and Strogatz’s model offered a simple explanation of clustering,
bringing random networks and clustering under the same roof. Hubs,
however, again challenge the status quo. They cannot be explained by
either of the models we have seen so far. Therefore, hubs force us to re-
consider our knowledge of networks and to ask three fundamental ques-
tions: How do hubs appear? How many of them are expected in a given
network? Why did all previous models fail to account for them?

During the last two years we have answered most of these ques-
tions. Indeed, we have found that hubs are not rare accidents of our in-
terlinked universe. Instead, they follow strict mathematical laws whose
ubiquity and reach challenge us to think very differently about net-
works. Uncovering and explaining these laws has been a fascinating
roller coaster ride during which we have learned more about our com-
plex, interconnected world than was known in the last hundred years.



THE SIXTH LINK

" The 8o/20 Rule

VILFREDO PARETO, THE INFLUENTIAL ITALIAN ECONOMIST, while giving
a talk in the early 1900s at an economics conference in Geneva, was re-
peatedly and noisily interrupted by his powerful colleague Gustav von
Schmoller. Von Schmoller, who from his throne at the University of
Berlin ruled the German academic world, apparently kept shouting in a
patronizing tone, “But are there laws in economics?”

Despite his aristocratic upbringing Pareto had little respect for ap-
pearances, reportedly having written his monumental work Trattato di
Sociologia Generale while owning a single pair of shoes and one suit. It
was therefore easy for him to transform himself into a beggar the next
day and approach von Schmoller on the street. “Please, sir,” Pareto
said, “can you tell me where I can find a restaurant where you can eat
for nothing?” “My dear man,” replied van Schmoller, “there are no such
restaurants, but there is a place around the corner where you can have a
good meal very cheaply.” “Ah,” said Pareto, laughing triumphantly, “so
there are laws in economics!”

Pareto had turned his attention to economics after working for two
decades as a railway engineer. Deeply influenced by the mathematical
beauty of Newtonian physics, he devoted the rést of his life to his
dream of turning economics into an exact science, describable by laws
comparable in reach and universality to those formulated in Isaac
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Newton’s Principia. The fruit of his relentless pursuit, the three-volume
Trattato, continues to be a source of inspiration and interpretation for
economists and sociologists alike.

Outside academia Pareto is best known for one of his empirical ob-
servations. An avid gardener, he noticed that 80 percent of his peas
were produced by only 20 percent of the peapods. A careful observer of
economic inequalities, he saw that 80 percent of Italy’s land was
owned by only 20 percent of the population. More recently, Pareto’s
Law or Principle, known also as the 80/20 rule, has been turned into
the Murphy’s Law of management: 80 percent of profits are produced
by only 20 percent of the employees, 80 percent of customer service
problems are created by only 20 percent of consumers, 80 percent of
decisions are made during 20 percent of meeting time, and so on. It
has morphed into a wide range of other truisms as well: For example,
80 percent of crime is committed by 20 percent of criminals.

Under different guises, the 80/20 rule describes the same phenome-
non: In most cases four-fifths of our efforts are largely irrelevant. Let me
contribute a few more items that approximate the 80/20 rule: 80 percent
of links on the Web point to only 15 percent of Webpages, 80 percent of
citations go to only 38 percent of scientists, 80 percent of links in Holly-
wood are connected to 30 percent of actors. Though it might be tempting
to infer that the 80/20 rule applies to just about anything, that would be a
gross overstatement. In reality all systems following Pareto’s Law are a bit
special. What sets them apart is a property that plays a key role in under-
standing complex networks as well.

1.

When Hawoong Jeong started building our little robot to map the
Web, we had naive expectations about what the network behind the
Web would look like. Guided by the insights of Erdés and Rényi, we
expected to find that Webpages are connected to each other ran-
domly. As we discussed in Chapter 2, the number of links on a Web-
page should follow a peaked distribution, telling us that most documents
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are about equally popular. But the network our robot brought back
from its journey had many nodes with a few links only, and a few
hubs with an extraordinarily large number of links. The biggest sur-
prise came when we tried to fit the histogram of the node connectiv-
ity on a so-called log-log plot. The fit told us that the distribution of
links on various Webpages precisely follows a mathematical expres-
sion called a power law.

If you are not a physicist or mathematician, most likely you have
never heard of power laws. That is because most quantities in nature
follow a bell curve, a distribution rather similar to the peaked distribu-
tion characterizing random networks. For example, if you measure the
height of all your adult male acquaintances and prepare a histogram
counting how many of them are four, five, six, or seven feet tall, you
will find that most people in your sample are between five and six feet
tall. Your histogram will have a peak around these values. Indeed, un-
less you hang out a lot with basketball players, you will have very few
seven- or eight-foot people in your sample. The same is true for shorter
people: Three- or four-feet-tall individuals will be rather rare. As most
quantities in nature follow such a peaked distribution, ranging from our
IQs to the velocity of molecules in a gas, many people are familiar with
these ubiquitous bell curves.

In the past few decades scientists have recognized that on occa-
sion nature generates quantities that follow a power law distribution
instead of a bell curve. Power laws are very different from the bell
curves describing our heights. First, a power law distribution does not
have a peak. Rather, a histogram following a power law is a continu-
ously decreasing curve, implying that many small events coexist with
a few large events. If the heights of an imaginary planet’s inhabitants
followed a power law distribution, most creatures would be really
short. But nobody would be surprised to see occasionally a hundred-
feet-tall monster walking down the street. In fact, among six billion
inhabitants there would be at least one over 8,000 feet tall. So the
distinguishing feature of a power law is not only that there are many
small events but that the numerous tiny events coexist with a few
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very large ones. These extraordinarily large events are simply forbid-
den in a bell curve.!

Each power law is characterized by a unique exponent, telling us,
for example, how many very popular Webpages are out there relative
to the less popular ones. As in networks the power law describes the
degree distribution; the exponent is often called the degree exponent.
Our measurements indicated that the distribution of incoming links
on Webpages followed a power law with a unique and well-defined
degree exponent close to two. A similar power law was present when
we looked at outgoing links, the degree exponent this time being
slightly larger.2

Our tiny robot offered compelling evidence that millions of Web-
page creators work together in some magic way to generate a complex
Web that defies the random universe. Their collective action forces
the degree distribution to evade the bell curve—a signature of random
networks—and to turn the Web into a very peculiar network described
by a power law. The robot failed to answer our most pressing question,
however. What was it about the Web that prompted it to defy the
strict predictions of random networks?

Then we realized that there was another way to approach this
problem. Could it be that equally simple laws characterize most com-
plex networks and we had not seen them because we had not looked
for them before? This second line of questioning turned out to be
much more fruitful. Indeed, a few months later, while analyzing the
actor network behind Hollywood, we found that it too followed the

I Note that there is an important qualitative difference between a power law and a bell
curve when it comes to the tail of the distribution. Bell curves have an exponentially
decaying tail, which is a much faster decrease than that displayed by a power law. This
exponential tail is responsible for the absence of the hubs. In comparison, power laws
decay far more slowly, allowing for “rare events” such as the hubs.

2. This implies that the number of Webpages with exactly k incoming links, denoted by
N(k), follows N(k) ~ k%, where the parameter 7y is the degree exponent.

The slope of the straight line on the log-log plot indicates that the degree expo-
nent had a value close to 2.1. When we counted how many outgoing links were on
a given World Wide Web document, we observed the same pattern: The log-log
plot revealed that the number of pages with exactly k outgoing links follow N(k) ~
k=7, with vy = 2.5.
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same mathematical relationship: The number of actors that had links
to exactly k other actors decays following a power law. Later we
learned that ErdGs and his mathematician colleagues obeyed this law,
too. The web within the cell joined the list as we learned that the
number of molecules interacting with exactly k other molecules de-
cays following a power law. We also discovered a paper by Sid Red-
ner, a professor of physics at Boston University, who found that the
distribution of citations in physics journals follows a power law.
Viewing citations as links of a network whose nodes are publications,
Redner’s finding implied that the citation network is also described
by a power-law degree distribution. Subsequently, in numerous large
networks that we and many other scientists have had a chance to in-
vestigate, an amazingly simple and consistent pattern has emerged:
The number of nodes with exactly k links follows a power law, each
with a unique degree exponent that for most systems varies between
two and three.

2.

The striking visual and structural differences between a random net-
work and one described by a power-law degree distribution are best seen
by comparing a U.S. roadmap with an airline routing map. On the
roadmap cities are the nodes and the highways connecting them the
links. This is a fairly uniform network: Each major city has at least one
link to the highway system, and there are no cities served by hundreds
of highways. Thus most nodes are fairly similar, with roughly the same
number of links. As we saw in Chapter 2, such uniformity is an inher-
ent property of random networks with a peaked degree distribution.
The airline routing map differs drastically from the roadmap. The
nodes of this network are airports connected by direct flights between
them. Inspecting the maps displayed in the glossy flight magazines
placed on the back of each airplane seat, we cannot fail to notice a
few hubs, such as Chicago, Dallas, Denver, Atlanta, and New York,
from which flights depart to almost all other U.S. airports. The vast
majority of airports are tiny, appearing as nodes with at most a few



70 ~ LINKED

links connecting them to one or several hubs. Thus, in contrast to the
highway map, where most nodes are equivalent, on the airline map a
few hubs connect hundreds of small airports (Figure 6.1).

A similar unevenness characterizes networks with power-law de-
gree distribution. Power laws mathematically formulate the fact that in
most real networks the majority of nodes have only a few links and that
these numerous tiny nodes coexist with a few big hubs, nodes with an
anomalously high number of links. The few links connecting the
smaller nodes to each other are not sufficient to ensure that the net-
work is fully connected. This function is secured by the relatively rare
hubs that keep real networks from falling apart.

In a random network the peak of the distribution implies that the
vast majority of nodes have the same number of links and that nodes de-
viating from the average are extremely rare. Therefore, a random net-
work has a characteristic scale in its node connectivity, embodied by the
average node and fixed by the peak of the degree distribution. In con-
trast, the absence of a peak in a power-law degree distribution implies
that in a real network there is no such thing as a characteristic node. We
see a continuous hierarchy of nodes, spanning from rare hubs to the nu-
merous tiny nodes. The largest hub is closely followed by two or three
somewhat smaller hubs, followed by dozens that are even smaller, and so
on, eventually arriving at the numerous small nodes.

The power law distribution thus forces us to abandon the idea of a
scale, or a characteristic node. In a continuous hierarchy there is no sin-
gle node which we could pick out and claim to be characteristic of all the
nodes. There is no intrinsic scale in these networks. This is the reason my
research group started to describe networks with power-law degree distri-
bution as scale-free. With the realization that most complex networks in
nature have a power-law degree distribution, the term scale-free networks
rapidly infiltrated most disciplines faced with complex webs.

Neither the hierarchy of omnipresent hubs nor the accompanying
power laws were accounted for in either of the network theories avail-
able at the time that we discovered them in 1999. If anything, they
were considered merely accidental. The random network theory of
Erd8s and Rényi and its cluster-friendly extension by Watts and Stro-
gatz both insisted that the number of nodes with k links should decrease
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Figure 6.1 Random and Scale-Free Networks. The degree distribution of a
random network follows a bell curve, telling us that most nodes have the same
number of links, and nodes with a very large number of links don’t exist (top left).
Thus a random network is similar to a national highway network, in which the
nodes are the cities, and the links are the major highways connecting them. Indeed,
most cities are served by roughly the same number of highways (bottom left). In
contrast, the power law degree distribution of a scale-free network predicts that
most nodes have only a few links, held together by a few highly connected hubs (top
right). Visually this is very similar to the air traffic system, in which a large number

of small airports are connected to each other via a few major hubs (bottom right).

exponentially—a much faster decay than that predicted by a power law.
They both told us, in rigorous mathematical terms, that hubs do not exist.
The surprising discovery of power laws in the Web forced us to ac-
knowledge the hubs. The slowly decaying power law distribution accom-
modates such highly linked anomalies in a natural way. It predicts that
each scale-free network will have several large hubs that will fundamen-
tally define the network’s topology. The finding that most networks of con-
ceptual importance, ranging from the World Wide Web to the network
within the cell, are scale-free gave legitimacy to hubs. We would come to
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see that they determine the structural stability, dynamic behavior, robust-
ness, and error and attack tolerance of real networks. They stand as proof of
the highly important organizing principles that govern network evolution.

3.

Pareto never used the phrase 80/20. It was arrived at by later econo-
mists working with Pareto’s observation. Rather, at the end of the
nineteenth century he noticed that a few quantities in nature and the
economy defy the omnipresent bell curve and instead follow a power
law. His most celebrated discovery was that income distribution fol-
lows a power law, implying that most money is earned by a few very
wealthy individuals, while the majority of the population earn rather
small amounts. Pareto’s finding implies that roughly 80 percent of
money is earned by only 20 percent of the population, an inequality
that is still with us a hundred years after Pareto’s discovery.

It is not clear when the term 80/20 surfaced. Whereas physicists and
mathematicians nonchalantly talk about power laws, the 80/20 principle
pervades the popular press and business literature. But every time an
80/20 rule truly applies, you can bet that there is a power law behind it.
Power laws formulate in mathematical terms the notion that a few large
events carry most of the action.

Power laws rarely emerge in systems completely dominated by a roll
of the dice. Physicists have learned that most often they signal a transi-
tion from disorder to order. Thus the power laws we spotted on the Web
indicated, for the first time in precise mathematical terms, that real net-
works are far from random. Complex networks finally started to speak
to us in a language that scientists trained in self-organization and com-
plexity could finally understand. They spoke of order and emerging be-
havior. We just needed to listen carefully.

It might seem that the discovery that networks obey a simple power
law would be exciting only to a few mathematicians or physicists. But
power laws are at the heart of some of the most stunning conceptual ad-
vances in the second half of the twentieth century, emerging in fields
like chaos, fractals, and phase transitions. Spotting them in networks
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signaled unsuspected links to other natural phenomena and placed net-
works at the forefront of our understanding of complex systems in gen-
eral. The fact that the networks behind the Web, Hollywood, scientists,
the cell, and many other complex systems all obey a power law allowed
us to paraphrase Pareto and claim for the first time that perhaps there
were laws behind complex networks .

4.

With a big O head and two great H ears, the Mickey Mouse—shaped wa-
ter molecule and its H,O symbol is familiar to all of us. Its size and in-
ternal structure are known in miniscule detail. This is hardly surprising:
Water is the most common and most studied substance on Earth. But
liquid water, the collection of billions of cohesive molecules crowded in
a glass, continues to challenge us.

Gases are simple: Molecules fly in empty space, taking notice of
each other only when they bounce into one another. Crystals are the
opposite but relatively simple, too: Molecules hold hands tightly to cre-
ate a perfectly rigid lattice. Liquids, however, strike a delicate balance
between these two extremes. The attractive forces that keep the water
molecules together are not strong enough to coerce them into a rigid
order. Trapped between order and chaos, water molecules participate in
a majestic dance in which some molecules come together, form small
and somewhat ordered groups, move together, and in no time break
apart to join other molecules forming yet other groups.

Chilling a glass of water does not significantly alter this magnificent
water dance. It only makes the motion of molecules more dignified—
heavier and slower. At 0° C, however, something special happens. The
water molecules suddenly form a perfectly ordered ice crystal, like wan-
dering soldiers lining up at an officer’s command. But soldiers rehearse
this drill hundreds of times, painfully learning their precise position in
the formation. Water molecules, in contrast, may have never experi-
enced ice before. They follow a mysterious urge to exchange their wan-
dering lifestyle for a rigid, ordered one. Ice, a familiar symbol of cold
and perfect order, emerges spontaneously.
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Exchanging their water dance for the cold crystalline order of a
solid is one of the best-known examples of a phase transition, a phenom-
enon that physicists had sought to understand for decades prior to the
1960s. Phase transitions are common in various materials, taking forms
and appearances markedly different from frozen water. For example,
each atom in a ferromagnetic metal has a magnetic moment or spin, of-
ten represented by tiny arrows piercing the atom. At high temperatures
the atoms point their spins randomly in all different directions. Cooled
to some critical temperature, however, all atoms orient their spins in
precisely the same direction and form a magnet.

The freezing of a liquid and the emergence of a magnet are both
transitions from disorder to order. Indeed, relative to the perfect order of
the crystalline ice, liquid water is rather disorganized. At the freezing
point it miraculously gives up this disordered state, choosing instead a
state of high symmetry and order. Similarly, the randomly oriented
spins in a ferromagnetic metal are in a state of chaotic disorder. They
magically take up the highly ordered common orientation once cooled
under a critical temperature. Such sudden transitions hold the key to a
deep question about how nature works, of equal interest to scientists
and philosophers alike: How does order emerge from disorder?

5.

The ordered and the disordered states of a magnet correspond to ther-
modynamically distinct phases of matter. Right at the transition point
the system is poised to choose between these two phases, just like a
climber on a crest choosing which side to go down the mountain. Un-
decided which way to go, the system frequently goes back and forth,
and its vacillations increase near the critical point.

These vacillations have experimentally measurable consequences.
Near the critical point, elements of order and disorder mix within the
same material, signaling that the system explores both sides of the crest.
In metals close to the transition temperature, clusters of atoms develop
whose spins point in the same direction. The closer the metal gets to the
critical point, the larger these ordered magnetic clusters become. The in-
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creasing amount of experimental evidence collected by physicists during
the 1960s indicated that in the vicinity of the critical point several key
quantities follow power laws. For example, the distance over which
atoms communicate with each other, the correlation length, is often used
as a rough measure of the cluster size. Measurements indicated that as we
approach the critical point this correlation length increases following a
power law characterized by a unique critical exponent. The closer the
metal gets to the phase transition temperature, the larger the distance
over which the spins know about each other. The strength of the magnet
in the vicinity of the critical temperature, determined by the fraction of
spins that point in the same direction, also follows a power law, with a
different critical exponent.

As physicists carefully investigated how in various systems order
emerges from disorder, more power laws were discovered to operate dur-
ing a phase transition. The same laws emerged as liquids turned into gas
once heated, or when a piece of lead turned into a superconductor once
sufficiently chilled. The disorder-order transition started to display an
amazing degree of mathematical consistency. The problem was that no-
body knew why. Why do liquids, magnets, and superconductors lose
their identity at some critical point and decide to follow identical
power laws? What is behind the high degree of similarity between such
disparate systems? And what do power laws have to do with it?

6.

One of the first major breakthroughs toward understanding the transi-
tion from disorder to order came during the Christmas week of 1965.
Leo Kadanoff, a physicist at the University of Illinois at Urbana, had a
sudden insight: In the vicinity of the critical point we need to stop
viewing atoms separately. Rather, they should be considered communi-
ties that act in unison. Atoms must be replaced by boxes of atoms such
that within each box all atoms behave as one.

By this time the large number of hours devoted to phase transitions,
drawing the best and brightest in theoretical physics, had led to the dis-
covery of nine different critical exponents, each associated with some
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power law emerging in the vicinity of the critical point. Kadanoff’s idea
offered an appealing visual model that could be used to derive precise
mathematical relationships amongst this crowded zoo of exponents. He
demonstrated that the transition from disorder to order did not require all
nine unknown exponents but could be expressed in terms of any two of
them. Unknown to him, several other researchers arrived at the same
conclusion simultaneously. Ben Widom, a physical chemist from Cornell
University, and A. Z. Patashinskii and V. L. Pokrovskii, physicists from the
Soviet Union, derived similar scaling relations through a different route.
A set of inequalities between the exponents, derived by physicist Michael
Fisher of Cornell University, offered further hints of order within the zoo.

Something was still missing, however. There was no theory that could
provide the two remaining exponents or explain why power laws appeared
each time order spontaneously emerged in complex systems. It was not en-
tirely clear if such an all-encompassing theory existed at all. Based on the
beauty and self-consistency of the results obtained thus far, everyone
hoped that it did. The physics community had to wait until November
1971 for the final answer. It came, unexpectedly, from a physicist with
little track record in phase transitions and critical phenomena.

In the late sixties Kenneth Wilson was an assistant professor with a
mixed reputation in the physics department of Cornell University.
Everybody knew that he was bright, yet his brilliance had not trans-
lated into publications—the tangible measure of success in academia.
This state of affairs was very close to jeopardizing his job at Cornell.
Forced to publish by his tenure committee, he pulled several manu-
scripts from his desk drawer. Two of these, submitted simultaneously on
June 2, 1971, and published in November of the same year by Physical
Review B, turned statistical physics around. They proposed an elegant
and all-encompassing theory of phase transitions.

Wilson took the scaling ideas developed by Kadanoff and molded
them into a powerful theory called renormalization. The starting point of
his approach was scale invariance: He assumed that in the vicinity of the
critical point the laws of physics applied in an identical manner at all
scales, from single atoms to boxes containing millions of identical atoms
acting in unison. By giving a rigorous mathematical foundation to scale
invariance, his theory spat out power laws each time he approached the
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critical point, the place where disorder makes room for order. Wilson'’s
renormalization group not only called for power laws but for the first time
could predict the values of the two missing critical exponents as well.
With that he placed the last stone on the tip of the pyramid of phase tran-
sitions, an achievement that won him the 1982 Nobel prize in physics.

Nature normally hates power laws. In ordinary systems all quantities
follow bell curves, and correlations decay rapidly, obeying exponential
laws. But all that changes if the system is forced to undergo a phase
transition. Then power laws emerge—nature’s unmistakable sign that
chaos is departing in favor of order. The theory of phase transitions told
us loud and clear that the road from disorder to order is maintained by
the powerful forces of self-organization and is paved by power laws. It
told us that power laws are not just another way of characterizing a
system’s behavior. They are the patent signatures of self-organization in
complex systems.

This unique and deep meaning of power laws perhaps explains our
excitement when we first spotted them on the Web. It wasn’t only that
they were unprecedented and unexpected in the context of networks.
It was that they lifted complex networks out of the jungle of random-
ness where Erd&s and Rényi had placed them forty years earlier and
dropped them into the center of the colorful and conceptually rich
arena of self-organization. Gazing at the power laws that our little
search engine carried home from its journey, we caught a glimpse of a
new and unsuspected order within networks, one that displayed an un-
common beauty and coherence.

7.

Physicists trying to understand how magnets work and why water freezes
experienced a revelation when scaling and renormalization group theory
were unveiled in the late sixties and early seventies. They learned that
near the critical point, just when order emerges from disorder, all quanti-
ties of interest follow power laws characterized by critical exponents. But
whether we observe water going from liquid to gas, magma freezing into
rock, a metal becoming a magnet, or a ceramic turning into a supercon-
ductor, the same laws always apply, generating the mysterious power laws.
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We had finally learned that when giving birth to order, complex systems
divest themselves of their unique features and display a universal behavior
that has similar characteristics in a wide range of systems.

The ubiquity of power laws in systems undergoing a transition from
disorder to order prompted my Ph.D. advisor, H. Eugene Stanley, who
at Boston University leads the most active research group investigating
phase transitions, to joke that in Boston there is only log-log paper.
Stanley, who has been involved in all major discoveries shaping our un-
derstanding of phase transitions and universality, was referring to the
plot used by scientists to detect the presence of power laws in experi-
mental data. Indeed, wherever physicists, biologists, ecologists, materi-
als scientists, mathematicians, or economists looked in the eighties and
nineties, if self-organization reigned, power laws and universality
greeted them. It appears that networks are no different: Behind the
hubs there is a rather strict mathematical expression, a power law.

This brings us to the next puzzle. If power laws are the signature of
systems in transition from chaos to order, what kind of transition is tak-
ing place in complex networks? If power laws appear in the vicinity of a
critical point, what tunes real networks to their own critical point, al-
lowing them to display a scale-free behavior? We had come to under-
stand critical phenomena after physicists uncovered the mechanisms
governing phase transitions; rigorous theories now allow us to calculate
with high precision all quantities characterizing systems giving birth to
order. But so far, in networks we had only observed the hubs. We now
knew that they were the consequence of power laws—a hint of self-or-
ganization and order. To be sure, this was an important breakthrough,
allowing us to remove networks from the realm of the random. But the
most important questions, pertaining to the mechanisms that are re-
sponsible for the hubs and the power laws, were still unanswered. Are
real networks in a continuous state of transition from disorder to order?
Why do hubs appear in networks of all kinds, ranging from actors to the
Web? Why are they described by power laws? Are there fundamental
laws forcing different networks to take up the same universal form and

shape? How does nature spin its webs?



THE SEVENTH LINK

Rich Get Richer

ONCE A PROMINENT MERCHANT PORT of the Portuguese empire, Porto to-
day gives the impression of a forgotten city. Built where the slow-moving
Duoro River wends its way to the Atlantic through the steep hills guard-
ing the seashore, it carries the signature of a busy medieval town strategi-
cally located on an easily defensible narrow key. With its magnificent cas-
tles overlooking the river and a rich history of wine making, one might
expect it to be one of the most visited cities in the world. But hidden as it
is in the northwest corner of the Iberian Peninsula, few tourists make the
detour. There are apparently too few fans of the distinctive full-bodied
Porto vintage to awaken this great medieval city from its dreamlike state.

I visited Porto in the summer of 1999, shortly after my students and
[ finished our manuscript on the role of power laws on the Web. [ was
attending a workshop on nonequilibrium and dynamical systems organ-
ized by two professors of physics at the University of Porto, José Mendes
and Maria Santos. During the summer of 1999 very few people were
thinking about networks, and there were no talks on the subject during
this workshop. But networks were very much on my mind. I could not
help carrying with me on the trip our unresolved questions: Why hubs?
Why power laws?

At that time the Web was the only network mathematically proven
to have hubs. Struggling to understand it, we were searching for its dis-
tinguishing features. At the same time, we wanted to learn more about
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the structure of other real networks. Therefore, just before leaving for
Porto, I had contacted Duncan Watts, who kindly provided us the data
describing the power grid of the western United States and the C. ele-
gans topology. Brett Tjaden, the former graduate student behind The
Oracle of Bacon Website, now assistant professor of computer science
at Ohio University in Athens, Ohio, sent us the Hollywood actor
database. Jay Brockman, a computer science professor at Notre Dame,
gave us data on a man-made network, the wiring diagram of a com-
puter chip manufactured by IBM. Before I left for Europe, my graduate
student Réka Albert and I agreed that she would analyze these net-
works. On June 14, a week after my departure, I received a long e-mail
from her detailing some ongoing activities. At the end of the message
there was a sentence added like an afterthought: “I looked at the de-
gree distribution too, and in almost all systems (IBM, actors, power
grid), the tail of the distribution follows a power law.”

Réka’s e-mail suddenly made it clear that the Web was by no means
special. I found myself sitting in the conference hall paying no atten-
tion to the talks, thinking about the implications of this finding. If two
networks as different as the Web and the Hollywood acting community
both display power-law degree distribution, then some universal law or
mechanism must be responsible. If such a law existed, it could poten-
tially apply to all networks.

During the first break between talks I decided to withdraw to the
quiet of the seminary where we were being housed. 1 did not get far,
however. During the fifteen-minute walk back to my room a potential
explanation occurred to me, one so simple and straightforward that I
doubted it could be right. I immediately returned to the university to
fax Réka, asking her to verify the idea using the computer. A few hours
later she e-mailed me the answer. To my great astonishment, the idea
worked. A simple, rich-get-richer phenomenon, potentially present in
most networks, could explain the power laws we spotted on the Web
and in Hollywood.

After Porto | retumed briefly to Notre Dame before taking off for an-
other month-long trip. It was clear, however, that we could not wait an-
other month to submit our results. We had seven days to write a paper.
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The eight-hour flight from Lisbon to New York seemed an ideal opportu-
nity to prepare the first draft. As soon as the plane took off, I pulled out a
laptop newly purchased before the Porto trip and frantically started typing.
[ was just about finished with the introduction when the flight attendant,
handing a Coke to the passenger next to me, suddenly poured the entire
contents of the glass onto my keyboard. Random letters flickered on the
screen of my now useless laptop. But I did finish the paper on the plane,
writing it out from beginning to end in longhand. A week later it was sub-
mitted to the prestigious journal Science only to be rejected after ten days
without having undergone the usual peer review process because the edi-
tors believed that the paper did not meet the journal’s standards of novelty
and wide interest. By then I was in Transylvania, visiting my family and
friends in the heart of the Carpathian Mountains. Disappointed but con-
vinced that the paper was important, I did something that I had never
done before: I called the editor who rejected the paper in a desperate at-
tempt to change his mind. To my great surprise, I succeeded.

1.

The random model of Erdés and Rényi rests on two simple and often
disregarded assumptions. First, we start with an inventory of nodes. Hav-
ing all the nodes available from the beginning, we assume that the num-
ber of nodes is fixed and remains unchanged throughout the network’s
life. Second, all nodes are equivalent. Unable to distinguish between the
nodes, we link them randomly to each other. These assumptions were
unquestioned in over forty years of network research. But the discovery
of hubs—and the power laws that describe them—forced us to abandon
both assumptions. The manuscript submitted to Science was the first step
along this path.

2.

There is one thing about the Web that everybody agrees on: It is grow-
ing. Each day new documents are added by individuals detailing their
latest hobby or interest; by corporations expanding their online products
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and services; by governments increasingly reliant on the Web to dis-
seminate information to citizens; by college professors publishing their
lecture notes; by nonprofit organizations trying to reach those who
could benefit from their services; and by thousands of dot.com compa-
nies designing flashy pages to compete for your wallet. It is estimated
that within ten years the Web will host about an exabyte (1018) of in-
formation spread across the planet in numerous formats, most of which
are presently unknown. While the rate of this explosion will likely ta-
per as the majority of information collected by humanity lands online,
so far there are no signs of a slowdown.

With over a billion documents available today, it is hard to believe
the Web emerged one node at a time. But it did. Barely a decade ago it
had only one node, Tim Berners-Lee’s famous first Webpage. As physi-
cists and computer scientists started creating pages of their own, the
original site gradually gained links pointing to it. This modest Web of a
dozen primitive documents was the precursor to the planet-sized self-as-
semblage the Web is today. Despite its overwhelming dimensions and
complexity, it continues to grow incrementally, node by node. This ex-
pansion is in stark contrast to the assumption of the network models
described so far in this book, which assume the number of nodes in a
network is constant over time.

The Hollywood network also started with a tiny core, the actors
of the first silent movies back in the 1890s. According to the
IMDb.com database, Hollywood had only 53 actors in 1900. With
increasing demand for motion pictures, this core slowly expanded,
adding a few new faces with each movie. Hollywood experienced its
first boom between 1908 and 1914, when the number of actors join-
ing the trade went from under 50 to close to 2,000 a year. A second
spectacular boom starting in the 1980s turned moviemaking into the
entertainment megaindustry we know today. From a tiny cluster of
silent actors grew a gigantic network of over a half-million nodes,
and it continues to grow at an incredible rate. In the period of only
one year, 1998, as many as 13,209 names of actors appearing for the
first time on the wide canvas of the movie screen were added to the

IMDb.com database.
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Despite their diversity most real networks share an essential feature:
growth. Pick any network you can think of and the following will likely
be true: Starting with a few nodes, it grew incrementally through the ad-
dition of new nodes, gradually reaching its current size. Obviously,
growth forces us to rethink our modeling assumptions. Both the Erdés-
Rényi and Watts-Strogatz models assumed that we have a fixed number
of nodes that are wired together in some clever way. The networks gener-
ated by these models are therefore static, meaning that the number of
nodes remains unchanged during the network’s life. In contrast, our ex-
amples suggested that for real networks the static hypothesis is not appro-
priate. Instead, we should incorporate growth into our network models.
This was the initial insight we gained while trying to explain the hubs. In
so doing, we ended up dethroning the first fundamental assumption of
the random universe—its static character.

3.

It is relatively easy to model a growing network. We start from a tiny
core and keep adding nodes, one after the other. Let us assume that
each new node has two links. Thus, if we start with two nodes, our third
node will link to both of them. The fourth node has three nodes from
which to choose. How do we pick which two we should link to? For the
sake of simplicity, let’s follow the lead of Erd&s and Rényi and randomly
select two of the three nodes and link the new node to them. We can
continue this process indefinitely, so that each time we add a new node,
we connect it to two randomly selected nodes. The network generated
by this simple algorithm, called Model A, differs from the random net-
work model of Erd6s and Rényi only in its growing nature. This differ-
ence, however, is significant. Despite the fact that we choose the
links randomly and democratically, the nodes in Model A are not
equivalent to each other. We have easily identifiable winners and los-
ers. At each moment all nodes have an equal chance to be linked to,
resulting in a clear advantage for the senior nodes. Indeed, apart from
some rare statistical fluctuations, the first nodes in Model A will be the
richest, since these nodes have had the longest time to collect links.
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The poorest node will be the last one to join the system, with two links
only, because nobody has had time to link to it yet. Model A was
among our first attempts to explain the power laws we observed on the
Web and in Hollywood. The computer simulations quickly convinced
us that we had not yet found the answer. The degree distribution, the
function that distinguishes scale-free networks from random models,
decayed too fast, following an exponential. While the early nodes were
clear winners, the exponential form predicted that they are too small
and there are too few of them. Therefore, Model A failed to account for
the hubs and the connectors. It demonstrated, however, that growth
alone cannot explain the emergence of power laws.

4.

During the 1999 Super Bowl numerous neverheardof.com companies
such as OurBeginning.com, WebEx.com, and Epidemic Marketing
blew $2 million per advertising spot to bring their name to millions of
Americans following the duel between Denver and St. Louis. In one
year alone E*Trade spent $300 million promoting itself. AltaVista, one
of the most popular search engines, had an advertising budget close to
$100 million. America Online, the Goliath of the online world, effec-
tively matched that with $75 million. In 1999 over $3.2 billion was
spent on online marketing, about half the amount spent during the
same period on cable television advertising, a medium whose history
spans over two decades.

What did these companies want to achieve? The answer is simple,
if unconventional. Startups and established companies alike had been
burning venture capital and hard-earned cash, millions a day, to defeat
the random universe of Erdés and Rényi. They knew that we do not
link randomly on the Web. They wanted to take advantage of this non-
randomness by begging us to link to them.

How do we in fact decide which Websites to link to on the World
Wide Web? According to the random network models, we would ran-
domly link to any of the nodes. A bit of reflection as to how we make our
choices, however, indicates otherwise. For example, choices of Webpages
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with links to news outlets abound. A quick search for “news” on Google
returns about 109,000,000 hits. Yahoo's manually ordered directory offers
a choice of over 8,000 online newspapers. How do we pick one? The ran-
dom network models tell us that we select randomly from the list. Frankly,
I do not think that anybody ever does that. Rather, most of us are familiar
with a few major news outlets. Without giving the matter much thought
we link to one of them. As a longtime reader of the New York Times, it is
a no-brainer for me to choose nytimes.com. Others might prefer
CNN.com or MSNBC.com. Significantly, however, the Webpages to
which we prefer to link are not ordinary nodes. They are hubs. The better
known they are, the more links point to them. The more links they at-
tract, the easier it is to find them on the Web and so the more familiar we
are with them. In the end we all follow an unconscious bias, linking with
a higher probability to the nodes we know, which are inevitably the more
connected nodes of the Web. We prefer hubs.

The bottom line is that when deciding where to link on the Web,
we follow preferential attachment: When choosing between two pages,
one with twice as many links as the other, about twice as many people
link to the more connected page. While our individual choices are
highly unpredictable, as a group we follow strict patterns.

Preferential attachment rules in Hollywood as well. The producer
whose job it is to make a movie profitable knows that stars sell movies.
Thus casting is determined by two competing factors: the match between
the actor and the role, and the actor’s popularity. Both introduce the same
bias into the selection process. Actors with more links have a higher
chance of getting new roles. Indeed, the more movies an actor has made,
the more likely it is that he or she will appear again on the casting direc-
tor’s radar screen. This is where aspiring actors have a huge disadvantage,
a Catch-22 everybody knows both in and out of Hollywood. You need to
be known to get good roles, but you need good roles in order to be known.

The World Wide Web and Hollywood force us to abandon the sec-
ond important assumption inherent in random networks—their demo-
cratic character. In the Erd&s-Rényi and Watts-Strogatz models there
is no difference between the nodes of a network; thus all nodes are
equally likely to get links. The examples just discussed suggest other-
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wise. In real networks linking is never random. Instead, popularity is at-
tractive. Webpages with more links are more likely to be linked to again,
highly connected actors are more often considered for new roles, highly
cited papers are more likely to be cited again, connectors make more new
friends. Network evolution is governed by the subtle yet unforgiving law
of preferential attachment. Guided by it, we unconsciously add links at a
higher rate to those nodes that are already heavily linked.

5.

Putting the pieces of the puzzle together, we find that real networks are
governed by two laws: growth and preferential attachment. Each network
starts from a small nucleus and expands with the addition of new nodes.
Then these new nodes, when deciding where to link, prefer the nodes
that have more links. These laws represent a significant departure from
earlier models, which assumed a fixed number of nodes that are ran-
domly connected to each other. But are they sufficient to explain the
hubs and power laws encountered in real networks?

To answer this, in the 1999 Science paper we proposed a network
model that incorporates both laws. The model is very simple, as growth
and preferential attachment naturally lead to an algorithm defined by
two straightforward rules (Figure 7.1):

A. Growth: For each given period of time we add a new node to the
network. This step underscores the fact that networks are assem-
bled one node at a time.

B. Preferential attachment: We assume that each new node connects
to the existing nodes with two links. The probability that it will
choose a given node is proportional to the number of links the
chosen node has. That is, given the choice between two nodes,
one with twice as many links as the other, it is twice as likely that
the new node will connect to the more connected node.

Each time we repeat (a) and (b), we add a new node to the net-

work. Therefore, node by node we generate a continuously expanding
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Figure 7.1 The Birth of a Scale-Free Network. The scale-free topology is a
natural consequence of the ever-expanding nature of real networks. Starting from
two connected nodes (top left), in each panel a new node (shown as an empty circle)
1s added to the network. When deciding where to link, new nodes prefer to attach to
the more connected nodes. Thanks to growth and preferential attachment, a few

highly connected hubs emerge.

web (Figure 7.1). This model, combining growth and preferential at-
tachment, was our first successful attempt to explain the hubs. Réka’s
computer simulations soon indicated that it generated the elusive
power laws. As the first model to explain the scale-free power laws seen
in real networks, it quickly became known as the scale-free model.

6.

Why do hubs and power laws emerge in the scale-free model? First,
growth plays an important role. The expansion of the network means
that the early nodes have more time than the latecomers to acquire
links: If a node is the last to arrive, no other node has the opportunity
to link to it; if a node is the first in the network, all subsequent nodes
have a chance to link to it. Thus growth offers a clear advantage to the
senior nodes, making them the richest in links. Seniority, however, is
not sufficient to explain the power laws. Hubs require the help of the
second law, preferential attachment. Because new nodes prefer to link
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to the more connected nodes, early nodes with more links will be se-
lected more often and will grow faster than their younger and less con-
nected peers. As more and more nodes arrive and keep picking the
more connected nodes to link to, the first nodes will inevitably break
away from the pack, acquiring a very large number of links. They will
turn into hubs. Thus preferential attachment induces a rich-get-richer
phenomenon that helps the more connected nodes grab a dispropor-
tionately large number of links at the expense of the latecomers.

This rich-get-richer phenomenon naturally leads to the power laws
observed in real networks. Indeed, the computer simulations we per-
formed indicated that the number of nodes with exactly k links follows
a power law for any value of k. The precise value of the degree expo-
nent, the parameter that characterizes the power law distribution, was
no longer a mystery either. We were able to calculate it analytically, us-
ing a mathematical tool, called a continuum theory, that we developed
for this purpose. Indeed, thanks to preferential attachment, each node
attracts new links at a rate proportional to the number of its current
links. Using this simple observation, we were able to propose a simple
equation predicting how nodes acquire links as the network expands.
The solution allowed us to calculate analytically the degree distribu-
tion, confirming that indeed it follows a power law.!

Could either growth or preferential attachment alone explain the
power laws? Computer simulations and calculations convinced us that
both are necessary to generate a scale-free network. A growing network
without preferential attachment has an exponential degree distribution,
which is similar to a bell curve in that it forbids the hubs. In the absence of
growth we are back to the static models, unable to generate the power laws.

7.

Our purpose with the scale-free model was rather modest: to demon-
strate that two simple laws of growth and preferental attachment could
solve the puzzle of hubs and power laws. Therefore, the model’s great

I The degree exponent for the scale free model is v = 3, i.e. the degree distribution

follows P(k) ~ k-3.
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influence on subsequent research was a pleasant surprise for us, particu-
larly since it was clear from the beginning that the topology of real net-
works was shaped by many effects that we had ignored for the purpose
of simplicity and transparency. One of the most obvious of these is the
fact that, whereas all links present in the scale-free model are added
when new nodes join the network, in most networks new links can
emerge spontaneously. For example, when [ add to my Webpage a link
pointing to nytimes.com, | create an internal link connecting two old
nodes. In Hollywood, 94 percent of links are internal, formed when two
established actors work together for the first time. Another feature ab-
sent from the scale-free model is that in many networks nodes and links
can disappear. Indeed, many Webpages go out of business, taking with
them thousands of links. Links can also be rewired, as when we decide
to replace our link to CNN.com with a new one pointing to
nytimes.com. These and other phenomena frequent in some networks
but absent from the scale-free model illustrate that the evolution of real
networks is far more complex than the scale-free model predicts. To un-
derstand networks in the complex world around us, we would have to
incorporate these mechanisms into a consistent network theory and ex-
plain their impact on the network structure.

After submitting our paper on the scale-free model, Réka Albert
and I started to investigate the effects of processes like internal links
and rewiring on the structure of scale-free networks. We were no longer
alone, however. A month after our paper’s publication in Science, |
learned of similar work going on in several research laboratories world-
wide. Luis Amaral, my longtime collaborator, currently a research pro-
fessor at Boston University, was in the process of generalizing the scale-
free model to include aging, incorporating the possibility that actors
stop acquiring links after retirement. Amaral, working together with
Gene Stanley and two students, Antonio Scala and Mark Barthélémy,
demonstrated that if nodes fail to acquire links after a certain age the
size of the hubs will be limited, making large hubs less frequent than
predicted by a power law. At the same time, José Mendes and Sergey
Dorogovtsev were working independently on a similar problem in
Porto; they soon published the first in a string of very influential papers
on scale-free networks. Assuming that nodes slowly lose their ability to
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attract links as they age, Mendes and Dorogovtsev showed that gradual
aging does not destroy the power laws, but merely alters the number of
hubs by changing the degree exponent. Paul Krapivsky and Sid Redner,
also from Boston University, working with Francois Leyvraz from Mex-
ico, generalized preferential attachment to account for the possibility
that linking to a node would not be simply proportional to the number
of links the node has but would follow some more complicated func-
tion. They found that such effects can destroy the power law character-
izing the network.

These were the first of numerous subsequent results obtained by
physicists, mathematicians, computer scientists, sociologists, and biolo-
gists who scrutinized the scale-free model and its various extensions.
Thanks to their efforts, we currently have a rich and consistent theory
of network growth and evolution, something that would have been un-
thinkable just a few years ago. We understand that internal links,
rewiring, removal of nodes and links, aging, nonlinear effects, and
many other processes affecting network topology can be seamlessly in-
corporated into an amazing theoretical construct of evolving networks,
which contain as a particular case the scale-free model. These processes
alter the way networks grow and evolve, inevitably changing the num-
ber and the size of the hubs. But in most cases when growth and prefer-
ential attachment are simultaneously present, hubs and power laws
emerge as well. In complex networks a scale-free structure is not the ex-
ception but the norm, which explains its ubiquity in most real systems.

8.

The theory of evolving networks, developed in the past three years,
represents a one-way sign in network modeling. By viewing networks as
dynamical systems that change continuously over time, the scale-free
model embodies a new modeling philosophy. The classic static models
starting with ErdGs-Rényi sought simply to arrange a fixed number of
nodes and links such that the final web conforms to the network being
modeled. This process is similar to drawing. Seated in front of a Ferrari,
our task is to draw a picture that will allow anyone to recognize the car.
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Having a faithful drawing, however, doesn’t bring us any closer to un-
derstanding the processes that created the car in the first place. For that
we need to know how to build one just like the original. This is exactly
what the various evolving network models aim to accomplish. They
capture how networks are assembled by reproducing the steps followed
by nature when it created its various complex systems. If we correctly
model the network assembly, our final network should closely match
the reality. Thus our goals have shifted from describing the topology to
understanding the mechanisms that shape network evolution.

This shift in focus resulted in a dramatic change in the language of
networks, as well. The static nature of the classical models had gone
unnoticed until we were forced to incorporate growth. Similarly, ran-
domness had not been a problem until the power laws required us to in-
troduce preferential attachment. Understanding that structure and net-
work evolution couldn’t be divorced from one another made it difficult
to revert to the static models that dominated our thinking for decades.
These shifts in thinking created a set of opposites: static versus growing,
random versus scale-free, structure versus evolution.

At the end of the previous chapter we came to an important ques-
tion: Does the presence of power laws imply that real networks are the re-
sult of a phase transition from disorder to order? The answer we've ar-
rived at is simple: Networks are not en route from a random to an ordered
state. Neither are they at the edge of randomness and chaos. Rather, the
scale-free topology is evidence of organizing principles acting at each
stage of the network formation process. There is little mystery here, since
growth and preferential attachment can explain the basic features of the
networks seen in nature. No matter how large and complex a network
becomes, as long as preferential attachment and growth are present it will
maintain its hub-dominated scale-free topology.

The scale-free model would have remained an interesting aca-
demic exercise if there hadn’t been several subsequent discoveries.
The most important was the realization that most complex networks
of scientific and practical importance are scale-free. The Web data was
large and detailed enough to convince us that power laws can describe
real networks. This realization started an avalanche of discoveries that
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continues to this day. As Hollywood, the metabolic network within
the cell, citation networks, economic webs, and the network behind
language? joined the list, suddenly the origins of scale-free topology
became important for many scientific fields. The two laws governing
network evolution built into the scale-free model offered a good start-
ing point for exploring these diverse systems.

First, power laws gave legitimacy to the hubs. Then the scale-free
model elevated the power laws seen in real networks to a mathemati-
cally backed conceptual advance. Supported by a sophisticated theory
of evolving networks that allows us to precisely predict the scaling ex-
ponents and network dynamics, we have reached a new level of com-
prehension about our complex interconnected world, bringing us closer
than ever to understanding the architecture of complexity.

But the scale-free model raised new questions. One in particular
kept resurfacing: How do latecomers make it in a world in which only
the rich get richer? The quest for the answer took us to a very unlikely
place: the birth of quantum mechanics at the beginning of the twenti-
eth century.

2. The scale-free nature of language has been shown by various research groups. In this
network the nodes are words, and links represent significant cooccurences in texts, or
semantic relationships (synonyms, antonyms).







