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The Structure of the Web

• Now we consider information 
networks, in which the basic units being 
connected are pieces of information, 
WWW is the best example

• To study WWW, we’ll be using graph 
theory, notions of power, matching 
markets for online advertising
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In the next several lecturea, we consider a different type of network, in which the basic units being connected are pieces of information, and links join pieces of information that are related to 
each other in some fashion. We will call such a network an information network.

As we will see, the World Wide Web is arguably the most prominent current example of such a network, and while the use of information networks has a long history, it was really the growth 
of the Web that brought such networks to wide public awareness. While there are basic differences between information networks and the kinds of social and economic networks that we've 
discussed earlier, many of the central ideas that we discussed earlier will turn out to be fundamental here as well: we'll be using the same basic ideas from graph theory, including short paths 
and giant components; formulating
notions of power in terms of the underlying graph structure; and even drawing connections to matching markets when we consider some of the ways in which search companies on the
Web have designed their businesses.

Because the Web plays such a central role in the modern version of this topic, we begin with some context about the Web, and then look further back into the history of information networks 
that led up to the Web.



The Web as a Network

• Hypertext - annotating any portion of a 
Web page with a virtual link to another 
Web page

• The use of a network structure truly brings 
forth the globalizing power of the Web
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Hypertext. Beyond these basic features, there is a crucial design principle embedded in the Web | the decision to organize the information using a network metaphor. This is what turns the 
set of Web pages from Figure 13.1 into the \web" of Web pages in Figure 13.2: in writing a Web page, you can annotate any portion of the document with a virtual link to another Web page, 
allowing a reader to move directly from your page to this other one. The set of pages on the Web thereby becomes a graph, and in fact a directed graph: the nodes are the pages 
themselves, and the directed edges are the links that lead from one page to
another.

Much as we're familiar with the idea of links among Web pages, we should appreciate that the idea to organize Web pages as a network was both inspired and non-obvious. There are many 
ways to arrange information | according to a classification system, like books in a library; as a series of folders, like the files on your computer; even purely alphabetically, like the terms in an 
index or the names in a phone directory. Each of these organizational systems can make sense in different contexts, and any of them could in principle have been used for the Web. But the 
use of a network structure truly brings forth the globalizing power
of the Web by allowing anyone authoring a Web page to highlight a relationship with any other existing page, anywhere in the world.

The decision to use this network metaphor also didn't arise out of thin air; it's an application of a computer-assisted style of authoring known as hypertext that had been explored and
refined since the middle of the twentieth century. The motivating idea behind hypertext is to replace the traditional linear structure of text with a network structure, in which any portion of the 
text can link directly to any other part | in this way, logical relationships within the text that are traditionally implicit become first-class objects, foregrounded by the use of explicit links. In its 
early years, hypertext was a cause passionately advocated by a relatively small group of technologists; the Web subsequently brought hypertext to a global audience, at a scale that no one 
could have anticipated.



The Emergence of Web 2.0
• During the second decade of the Web’s 

existence, between 2000-2009, the following 
trends appeared

• the growth of tools to create Web content and 
maintain shared content (blogging, Wikipedia)

• the movement of people’s personal online data 
from their own computers to cloud services 
(emails, photos, videos)

• online connections between people, not only 
documents (social networks)

• Web 2.0 is principally “an attitude, not a technology”
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A series of further significant changes in the Web during its second decade of existence, between 2000 and 2009. Three major forces behind these changes were

(i) the growth of Web authoring styles that enabled many people to collectively create and maintain shared content;
(ii) the movement of people's personal on-line data (including e-mail, calendars, photos, and videos) from their own computers to services offered and hosted by large companies;
and
(iii) the growth of linking styles that emphasize on-line connections between people, not just between documents.

Taken together, this set of changes altered user experience on the Web sufficiently that technologists led by Tim O'Reilly and others began speaking in 2004 and 2005 about the emergence 
of Web 2.0. While the term evokes images of a new software release, there is agreement that Web 2.0 is principally “an attitude, not a technology". There has never been perfect consensus 
on the meaning of the term, but it has generally connoted a major next step in the evolution of the Web, driven by versions of principles (i), (ii), and (iii) above (as well as others), and arising 
from a confluence of factors rather than any one organization's centralized decisions. 

To name just a few examples: Wikipedia grew rapidly during this period, as people embraced the idea of collectively editing articles to create an open encyclopedia on the Web (principle (i));
Gmail and other on-line e-mail services encouraged individuals to let companies like Google host their archives of e-mail (principle (ii)); MySpace and Facebook achieved widespread 
adoption with a set of features that primarily emphasized the creation of on-line social networks (principle (iii)).



Social phenomena of Web 2.0

• Software that gets better the more people use it

• The wisdom of crowds

• The “Long Tail” -
“The Long Tail - Why the Future of Business 
Is Selling Less of More”- by Chris Anderson

• Web 2.0 concept was initially described by 
Tim O’Reilly
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Social phenomena accompanying Web 2.0:
“Software that gets better the more people use it." A core principle of Web 2.0 is that on-line Web sites and services can become more appealing to users - and in fact, often
genuinely more valuable to them - as their audiences grow larger. 

“The wisdom of crowds." The collaborative authoring of an encyclopedia by millions on Wikipedia, the elevation of news content by group evaluation on Digg, the fact that photos of 
breaking news now often appear on Flickr before they do in the mainstream news, and many similar developments highlighted the ways in which the audience of a Web 2.0 site - each 
contributing specific expertise and sometimes misinformation - can produce a collective artifact of significant value. But the \wisdom of the crowds," as this process is now often called, is a 
subtle phenomenon that can fail as easily as it can succeed. Later in this course we discuss some of the basic work in the theory of markets that helps explain how collective information 
residing in a large group can be synthesized successfully; and ways in which this process can also lead to unexpected and sometimes undesirable outcomes.

 “The Long Tail." With many people contributing content to a Web 2.0 site, the system will generally reach a balance between a small amount of hugely popular content and a “long tail" of 
content with various levels of niche appeal.



Searching the Web: 
the Problem of Ranking

• Information retrieval - searching for 
documents, information within documents, 
and the WWW

• Problems: synonymy, polysemy

• in 90ies, with the arrival of the Web, 
information retrieval exploded in scale and 
complexity 

• the Web keeps bringing new challenges for 
information retrieval... 
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When you go to Google and type “Cornell," the  first result it shows you is www.cornell.edu, the home page of Cornell University. It's certainly hard to argue with this as a first choice, but how 
did Google \know" that this was the best answer? Search engines determine how to rank pages using automated methods that look at the Web itself, not some external source of knowledge, 
so the conclusion is that there must be enough information intrinsic to the Web and its structure to figure this out.

Before discussing some of the ideas behind the ranking of pages, let's begin by considering a few of the basic reasons why it's a hard problem. First, search is a hard problem for computers 
to solve in any setting, not just on the Web. Indeed, the field of information retrieval has dealt with this problem for decades before the creation of the Web: automated information retrieval 
systems starting in the 1960s were designed to search repositories of newspaper articles, scientific papers, patents, legal abstracts, and other document collections in response to keyword 
queries. Information retrieval systems have always had to deal with the problem that keywords are a very limited way to express a complex information need; in addition to the fact that a list 
of keywords is short and inexpressive, it suffers from the problems of synonymy (multiple ways to say the same thing, so that your search for recipes involving scallions fails because the 
recipe you wanted called them “green onions") and polysemy (multiple meanings for the same term, so that your search for information about the animal called a jaguar instead produces 
results primarily about automobiles, football players, and an operating system for the Apple Macintosh.)

With the arrival of the Web, where everyone is an author and everyone is a searcher, the problems surrounding information retrieval exploded in scale and complexity



Link Analysis Using Hubs and Authorities

• Using the feature of the whole Web to rank a 
Web page, instead of internal features of the 
Web page

• Voting by in-links:

• we can use links to assess the authority of a 
page on a topic

• for example, query “Cornell”: collect Web 
pages containing the word “Cornell”, let pages 
in this sample “vote” through their links to 
find out the most prominent one
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Voting by In-Links. This perspective is to note that there is not really any way to use features purely internal to the page www.cornell.edu to 
solve this problem: it does not use the word “Cornell" more frequently or more prominently than thousands of other pages. and so there is 
nothing on the page itself that makes it stand out. Rather, it stands out because of features on other Web pages: when a page is relevant to 
the query \Cornell,"
very often www.cornell.edu is among the pages it links to.

This is the first part of the argument that links are essential to ranking: that we can use them to assess the authority of a page on a 
topic, through the implicit endorsements that other pages on the topic confer through their links to it. Of course, each individual link 
may have many possible meanings: it may be off-topic; it may convey criticism rather than endorsement; it may be a paid advertisement. It is 
hard for search engines to automatically assess the intent of each link. But we hope that in aggregate, if a page receives many links from 
other relevant pages, then it is receiving a kind of collective endorsement.

In the case of the query “Cornell," we could operationalize this by first collecting a large sample of pages that are relevant to the query - as 
determined by a classical, text-only, information retrieval approach. We could then let pages in this sample “vote" through their links: which 
page on the Web receives the greatest number of in-links from pages that are relevant to Cornell? Even this simple measure of link-counting 
works quite well for queries such as “Cornell," where, ultimately, there is a single page that most people agree should be ranked first.



A List-Finding Technique
• Consider query “newspapers”: by using in-links 

voting we get newspaper web sites as well as 
popular web sites (Facebook, Amazon...)
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A List-Finding Technique. It's possible to make deeper use of the network structure than just counting in-links, and this brings us to the second part of the argument that links are essential. 
Consider, as a typical example, the one-word query “newspapers." Unlike the query “Cornell," there is not necessarily a single, intuitively “best" answer here; there are a number of prominent 
newspapers on the Web, and an ideal answer would consist of a list of the most prominent among them. With the query “Cornell," we discussed collecting a sample of pages relevant to the 
query and then let them vote using their links. What
happens if we try this for the query “newspapers"?

What you will typically observe, if you try this experiment, is that you get high scores for a mix of prominent newspapers (i.e. the results you'd want) along with pages that are going to receive 
a lot of in-links no matter what the query is - pages like Yahoo!, Facebook, Amazon, and others. In other words, to make up a very simple hyperlink structure for purposes of this example, 
we'd see something like Figure: the unlabeled circles represent our sample of pages relevant to the query “newspapers," and among the four pages receiving the most votes from them, two 
are newspapers (New York Times and USA Today) and two are not (Yahoo! and Amazon). This example is designed to be small enough to try by hand; in a real setting, of course there 
would be many plausible newspaper pages and many more
off-topic pages.

But votes are only a very simple kind of measure that we can get from the link structure | there is much more to be discovered if we look more closely. To try getting more, we ask a different 
question. In addition to the newspapers themselves, there is another kind of useful answer to our query: pages that compile lists of resources relevant to the topic. Such pages exist for most 
broad enough queries: for “newspapers," they would correspond to lists of links to on-line newspapers



A List-Finding Technique

• How to find good lists: a good lists votes for the 
page the receives a lot of votes from other pages
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In fact, the example in Figure suggests a useful technique for finding good lists. We notice that among the pages casting votes, a few of them 
in fact voted for many of the pages that received a lot of votes. It would be natural, therefore, to suspect that these pages have some sense 
where the good answers are, and to score them highly as lists. Concretely, we could say that a page's value as a list is equal to the sum of the 
votes received by all pages that it voted for. Figure shows the result of applying this rule to the pages casting votes in our example.



A List-Finding Technique:
The Principle of Repeated Improvement

• We score those lists that list good pages higher (go back from 
pages onto lists)

• Why stop? if we can refine both sides: lists weights and pages 
weights repeatedly 
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The Principle of Repeated Improvement. If we believe that pages scoring well as lists actually have a better sense for where the good 
results are, then we should weight their votes more heavily. So, in particular, we could tabulate the votes again, but this time giving each 
page's vote a weight equal to its value as a list. Figure shows what happens when we do this on our example: now the other newspapers 
have surpassed the initially high-scoring Yahoo! and Amazon, because these other newspapers were endorsed by pages that were estimated 
to be good lists.

In fact, you can recognize the intuition behind this re-weighting of votes in the way we evaluate endorsements in our everyday lives. Suppose 
you move to a new town and hear restaurant recommendations from a lot of people. After discovering that certain restaurants get mentioned 
by a lot of people, you realize that certain people in fact had mentioned most of these highly-recommended restaurants when you asked 
them. These people play the role of the high-value lists on the Web, and it's only natural to go back and take more seriously the more obscure 
restaurants that they recommended, since you now particularly trust their judgment. This last step is exactly what we are doing in re-weighting 
the votes for Web pages.

The final part of the argument for link analysis is then the following: Why stop here? If we have better votes on the right-hand-side of the а 
figure, we can use these to get still more reаfined values for the quality of the lists on the left-hand-side of the figure. And with more refined 
estimates for the high-value lists, we can re-weight the votes that we apply to the right-hand-side once again. The process can go back and 
forth forever: it can be viewed as a Principle of Repeated Improvement, in which each refinement to one side of the figure enables a further 
refinement to the other.



Hubs and Authorities
• We will call:

• authorities - the prominent, highly endorsed answers to the 
query

•  hubs - the high-value lists for the query

• For each page we estimate its value as a potential 
authority auth(p) and potential hub hub(p)

• Start with auth(p)=1 and hub(p)=1
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Authority Update Rule: For each page p, update auth(p) to be the 
sum of the hub scores of all pages that point to it 

Hub Update Rule: For each page p, update hub(p) to be the sum 
of the authority scores of all pages that it points to 
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Hubs and Authorities. This suggests a ranking procedure that we can try to make precise, as follows. First, we'll call the kinds of pages we were originally seeking - the prominent, highly 
endorsed answers to the queries | the authorities for the query. We'll call the high-value lists the hubs for the query. Now, for each page p, we're trying to estimate hub, and so we assign it 
two numerical scores: auth(p) and hub(p). Each of these starts out with a value equal to 1, indicating that we're initially agnostic as to which is the best in either of these categories. Now, 
voting - in which we use the quality of the hubs to refine our estimates for the quality of the authorities - is simply the following:

Authority Update Rule: For each page p, update auth(p) to be the sum of the hub scores of all pages that point to it.

On the other hand, the list-finding technique - in which we use the quality of the authorities to refine our estimates for the quality of the hubs, is the following:

Hub Update Rule: For each page p, update hub(p) to be the sum of the authority scores of all pages that it points to.



Hubs and Authorities
• Computing hubs and authorities scores according to the 

Principle of Repeated Improvement:

• Start with all hubs scores and all authorities scores = 1

• Chose a number of steps k

• Perform a sequence of k hub-authority updates:

• apply the Authority Update Rule to the current set of 
scores

• apply the Hub Update Rule to the resulting set of 
scores

• Normalize: divide down each authority score by the sum 
of all authority scores;  - each hub score by the sum of all 
hub scores
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In general, the Principle of
Repeated Improvement says that to obtain better estimates, we should simply apply these
rules in alternating fashion, as follows.

• We start with all hub scores and all authority scores equal to 1.
•We choose a number of steps k.
•We then perform a sequence of k hub-authority updates. Each update works as follows:

• First apply the Authority Update Rule to the current set of scores.
•Then apply the Hub Update Rule to the resulting set of scores.

• At the end, the hub and authority scores may involve numbers that are very large. But we only care about their relative sizes, so we can normalize to make them smaller: we divide down 
each authority score by the sum of all authority scores, and divide down each hub score by the sum of all hub scores. 



Hubs and Authorities: 
Normalization step
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For example, Figure shows the result of normalizing the authority scores that we determined in Figure from the slide 
10.)



Hubs and Authorities: 
Equilibrium of Scores

• What happens as k (number of steps) grows?

• Hubs and Authorities scores converge to limits as 
k goes to infinity!

• Moreover: the limiting hubs and authorities scores 
do not depend on the initial scores (we just take 
1)

• Conclusion: hubs and authorities scores are a 
property of link structure of the network

• Limiting values is an equilibrium state: they reflect 
the balance between hubs and authorities
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What happens if we do this for larger and larger values of k? It turns out that the normalized values actually converge to limits as k goes to in nity: in other words, the results stabilize so 
that continued improvement leads to smaller and smaller changes in the values we observe. We won't prove this right now, (but there is a proof in the book: Section 14.6). Moreover, the 
analysis in that section shows that something even deeper is going on: except in a few rare cases (characterized by a certain kind of degenerate property of the link structure), we reach the 
same limiting values no matter what we choose
as the initial hub and authority values, provided only that all of them are positive. In other words, the limiting hub and authority values are a property purely of the link structure, not of the 
initial estimates we use to start the process of computing them. 

Ultimately, what these limiting values correspond to is a kind of equilibrium: their relative sizes remain unchanged if we apply the Authority Update Rule or the Hub Update Rule. As such, 
they reflect the balance between hubs and authorities that provided the initial intuition for them: your authority score is proportional to the hub scores of the pages that point to you, and your 
hub score is proportional to the authority scores of the pages you point to.



PageRank
• Intuitively, we can think of PageRank as a kind of “fluid” 

that circulates through the network

• For a network with n nodes, PageRank is computed as 
follows:

• Assign all nodes the same initial PageRank, 1/n

• Choose a number of steps k

• Perform a sequence of k updates to the PageRank values 
using the following rule:

15

Basic PR Update Rule: Each pages divides its current PageRank 
equally across its outgoing links and passes these equal shares to the 
pages it points to.

Each page updates its new PageRank to be the sum of the shares it 
receives
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The basic definition of PageRank. Intuitively, we can think of PageRank as a kind of “fluid" that circulates through the network, passing from node to node across edges, and pooling at the 
nodes that are the most important. Specifically, PageRank is computed as follows.

•In a network with n nodes, we assign all nodes the same initial PageRank, set to be 1=n.
•We choose a number of steps k.
•We then perform a sequence of k updates to the PageRank values, using the following
rule for each update:

Basic PageRank Update Rule: Each page divides its current PageRank equally
across its out-going links, and passes these equal shares to the pages it points
to. (If a page has no out-going links, it passes all its current PageRank to
itself.) Each page updates its new PageRank to be the sum of the shares it
receives.

Notice that the total PageRank in the network will remain constant as we apply these steps: since each page takes its PageRank, divides it up, and passes it along links, PageRank is never 
created nor destroyed, just moved around from one node to another. As a result, we don't need to do any normalizing of the numbers to prevent them from growing, the way we had to with 
hub and authority scores.



PageRank
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• All pages start with 1/8 PageRank; after first two 
updates they  have:
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As an example, let's consider how this computation works on the collection of 8 Web pages in Figure. All pages start out with a PageRank of 1=8, and their PageRank values after the first 
two updates are given by the table on the slide.

For example, A gets a PageRank of 1=2 after the first update because it gets all of F's, G's, and H's PageRank, and half each of D's and E's. On the other hand, B and C each get half of A's 
PageRank, so they only get 1=16 each in the first step. But once A acquires a lot of PageRank, B and C benefit in the next step. This is in keeping with the principle of repeated 
improvement: after the first update causes us to estimate that A is an important page, we weigh its endorsement more highly in the next update.



Equilibrium Values of PageRank
• The PageRank values of all nodes converge to limiting 

values as the number of update steps, k, goes to infinity 
(except for the certain degenerate cases)

• The limiting values exhibit the following kind of equilibrium:

• sum of all PR values = 1

• applying the Basic PR Update gives the same values
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Equilibrium Values of PageRank. As with hub-authority computations, one can prove that except in certain degenerate special cases the PageRank values of all nodes converge to
limiting values as the number of update steps k goes to infinity.

Because PageRank is conserved throughout the computation | with the total PageRank in the network equal to one | the limit of the process has a simple interpretation. We can think of the 
limiting PageRank values, one value for each node, as exhibiting the following kind of equilibrium: if we take the limiting PageRank values and apply one step of the Basic PageRank Update 
Rule, then the values at every node remain the same. In other words, the limiting PageRank values regenerate themselves exactly when they are updated. This description gives a simple 
way to check whether an assignment of numbers to a set of Web pages forms such an equilibrium set of PageRank values: we check that they sum to 1, and we check that when we apply 
the Basic PageRank Update Rule, we get the same values back.

For example, on the network of Web pages from Figure, we can check that the values have the desired equilibrium property - assigning a PageRank of 4/13 to page A, 2/13 to each of B and 
C, and 1/13 to the  five other pages achieves this equilibrium. 



Scaling the Definition of PageRank

• In most real networks PR can “leak”

• PR that flows from C to F and G can never circulate back into 
the rest of the network

• If there is a small set of nodes that can be reached from the 
rest of the graph, but have no paths back, then PR will 
accumulate there
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Scaling the definition of PageRank. There is a difficulty with the basic definition of PageRank, however: in many networks, the \wrong" nodes can end up with all the PageRank. Fortunately, 
there is a simple and natural way to  x this problem. yielding the actual definition of PageRank that is used in practice. Let's first describe the problem and then its solution.

To trigger the problem, suppose we take the network  as on the slide Figure. Clearly this ought to weaken A somewhat, but in fact a much more extreme thing happens: PageRank that flows 
from C to F and G can never circulate back into the rest of the network, and so the links out of C function as a kind of “slow leak" that eventually causes all the PageRank to end up at F and 
G. We can indeed check that by
repeatedly running the Basic PageRank Update Rule, we converge to PageRank values of 1/2 for each of F and G, and 0 for all other nodes.

This is clearly not what we wanted, but it's an inevitable consequence of the definition.And it becomes a problem in almost any real network to which PageRank is applied: as long as there 
are small sets of nodes that can be reached from the rest of the graph, but have no paths back, then PageRank will build up there.



Scaling the Definition of PageRank

• Scaling factor s between 0 and 1
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Scaled PR Update Rule: First apply the Basic PageRank 
Update Rule. 

Then scale down all PageRank values by a factor of s. The 
total PR in the network has shrunk from 1 to s. We divide 
the residual 1-s units of PageRank equally over all nodes, 
giving (1-s)/n to each
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Fortunately, there is a simple and natural way to modify the definition of PageRank to get around this problem, and it follows from the “fluid" intuition for PageRank. Specifically, if we think 
about the (admittedly
simplistic) question of why all the water on earth doesn't inexorably run downhill and reside exclusively at the lowest points, it's because there's a counter-balancing process at work: water 
also evaporates and gets rained back down at higher elevations.

We can use this idea here. We pick a scaling factor s that should be strictly between 0 and 1. We then replace the Basic PageRank Update Rule with the following:

Scaled PageRank Update Rule: First apply the Basic PageRank Update Rule.
Then scale down all PageRank values by a factor of s. This means that the total
PageRank in the network has shrunk from 1 to s. We divide the residual 1 - s
units of PageRank equally over all nodes, giving (1 - s)=n to each.

This rule also preserves the total PageRank in the network, since it is just based on redistribution according to a different “water cycle" that evaporates 1 - s units of PageRank in each step 
and rains it down uniformly across all nodes.



The Limits of 
the Scaled PageRank Update Rule

• There is a prove that repeated application 
of Scaled PR Update Rule converges to a 
set of limiting PR values as the number of k 
goes to infinity

• On practice, scaling factor s is chosen 
between 0.8 and 0.9
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The Limit of the Scaled PageRank Update Rule. One can show that repeated application of the Scaled PageRank Update Rule converges to a set of limiting PageRank values as the 
number of updates k goes to infinity. Moreover, for any network, these limiting values form the unique equilibrium for the Scaled PageRank Update Rule: they are the unique set of values 
that remain unchanged under the application of this update rule. Notice, of course, that these values depend on our choice of the scaling factor s: we should really think of there being a 
different update rule for each possible value of s.
This is the version of PageRank that is used in practice, with a scaling factor s that is usually chosen to be between 0:8 and 0:9.2 The use of the scaling factor also turns out to make the 
PageRank measure less sensitive to the addition or deletion of small numbers of nodes or links.



Link Analysis in Modern Web Search

• PageRank-like ideas play basic role in the 
ranking functions of Google, Yahoo!, Bing

• Current ranking functions far from pure 
PageRank: far more complex, evolve all the 
time, kept in secret!

• Key addition to the PageRank used by 
Google: combine link data with text data by 
using anchor text of hyperlinks 
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“I am a student at ETH Zurich”
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The link analysis ideas have played an integral role in the ranking functions of the current generation of Web search engines, including Google, Yahoo!, Microsoft's search engine Bing, and 
Ask. In the late 1990s, it was possible to produce reasonable rankings using these link analysis methods almost directly on top of conventional search techniques; but with the growth and 
enormously expanding diversity of Web content since then, link analysis ideas have been extended and generalized considerably, so that they are now used in a wide range of different ways 
inside the ranking functions of modern search
engines.

It is hard to say anything completely concrete about the current ranking functions of the main search engines, given that they are constantly evolving in complexity, and given that the search 
engine companies themselves are extremely secretive about what goes into their ranking functions.

in practice one clearly needs to closely integrate information from both network structure and textual content in order to produce the highest-quality search results. One particularly effective 
way to combine text
and links for ranking is through the analysis of anchor text, the highlighted bits of clickable text that activate a hyperlink leading to another page. Anchor text can be a highly succinct and 
effective description of the page residing at the other end of a link; for example, if you read “I am a student at ETH Zurich" on someone's Web page, it's a good guess that clicking on the 
highlighted link associated with the text “ETH Zurich" will take you to a page that is in some way about Cornell



Search Engine Optimization
• The important game-theoretic principle: 

the world reacts and adapts to the rules => 
Web page authors create their Web pages 
with the search engine’s ranking formula in 
mind

• Cliff Linch: “Web search is a new kind of 
information retrieval application in that the 
documents are actively behaving badly”

• SEO (search engine optimization) - now a 
large industry
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A moving target. A final important aspect of Web search serves to illustrate a basic game-theoretic principle that we have encountered many times already | that you should always expect 
the world to react to what you do. As search grew into the dominant means of accessing information on the Web, it mattered to a lot of people whether they ranked highly in search engine 
results. For example, many small companies had business models that increasingly depended on showing up among the first screen of Google's results for common queries ranging from 
“Caribbean vacations" to “vintage records."

With this in mind, people who depended on the success of their Web sites increasingly began modifying their Web-page authoring styles to score highly in search engine rankings.

Over time though, the use of focused techniques to improve a page's performance in search engine rankings became regularized and accepted, and guidelines for designing these 
techniques emerged; a fairly large industry known as search engine optimization (SEO) came into being, consisting of search experts who advise companies on how to create pages and 
sites that rank highly. And so to return to the game-theoretic view: the growth of SEO followed naturally once search became such a widespread application on the Web; it simply mattered 
too much to too many people that they be easily findable through search



Evolving Ranking Formula
A Moving Target

• Web page authors and SEO-consultants 
reverse-engineer the ranking formula in 
order to get higher ranking for their web-
pages => search engine needs to change it

• “Perfect” ranking function will always be a 
moving target
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That means that for search engines, the “perfect" ranking function will always be a moving target: if a search engine maintains the same method of ranking for too long, Web-page authors 
and their consultants
become too effective at reverse-engineering the important features, and the search engine is in effect no longer in control of what ranks highly. Second, it means that search engines are 
incredibly secretive about the internals of their ranking functions - not just to prevent competing search engines from finding out what they're doing, but also to prevent designers of Web sites 
from finding out.


