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Abstract

Crawling has been a topic of considerableinterest in recent years becauseof the rapid growth of
the world wide web. In many cases,it is possibleto designmore e�ectiv e crawlers which can �nd
web pagesbelonging to speci�c topics. In this paper, we will discusssomerecent techniques for
crawling web pagesbelonging to speci�c topics. We discussthe following classesof techniques:
(1) Intelligent Crawling Methods: These methods learn the relationship between the hyper-link
structure/w eb page content and the topic of the web page. This learned information is utilized
in order to guide the direction of the crawl. (2) Collaborative Crawling Methods: Thesemethods
utilize the pattern of world wide web accessesby individual users in order to build the learning
information. In many cases,useraccesspatterns contain valuable statistical patterns which cannot
be inferred from purely linkageinformation. We will alsodiscussessomecreative ways of combining
di�eren t kinds of linkage- and user-centered methods in order to improve the e�ectiv enessof the
crawl. We will discuss some of the recent algorithms proposed in each topic along with some
discussionson the directions of future research.

1 In tro duction

In recent years the world wide web has grown at a rapid pace. Currently , there are more than a
billion documents on the web, and it continuesto grow at a paceof more than a million documents
a day. In many cases,it is desirable to be able to �nd documents belonging to speci�c topics.
In order to achieve this goal, a number of search engine technologiessuch as Yahoo!, Ly cos and
Al taV ista have recently surfaced[30, 28, 29]. Such technologiesprovided a limited query capability
using speci�c keywords or phrasesin the document. In many cases,it may be desirable to �nd
documents on the web which satisfy particular kind of conditions such as the overall topic of the
document.

Recently , a technique called focussed crawling [9] has been proposedfor automated resourcedis-
covery. The focussedcrawling technique utilizes topical locality on the web in order to perform
resourcediscovery. The idea is to start at a few well chosenpoints and maintain the crawler within
the range of these topics. Starting with this pioneering work, there has been some recent work
[13, 22] in order to improve the e�ciency of the crawl. We refer the reader to [1, 5, 7, 8, 14, 18] for

1



someclosely related work.

In order to de�ne the relevanceof a web page,a predicate may be utilized. This predicate may be
in the form of a particular set of keywords present in the document, a particular category which is
implicitly de�ned by a classi�er, or a combination of the above. Someexamplesof useful predicates
are as follows:

� All web pageswhich a classi�er de�nes in the "SPORTS" category, and which contain the
keyword "hockey".

� All web pageswhich contain the keyword "NBA", and whoseURL ends with the extension
".uk".

The utilization of a predicate to crawl web pagesof interest is a very 
exible model which is often
not supported by some of the well known methods such as focussedcrawling [9]. Instead, the
focussedcrawling method usesa pre-de�ned taxonomy of classesin order to perform the crawl.
Such a procedure comeswith its disadvantages, since the e�ectiv enessof the crawl is sensitive to
the underlying nature of the taxonomy. This greatly restricts the nature of the predicate which
are usedas queriesfor the crawling process.On the other hand, the learning methods discussedin
the paper can handle arbitrary predicates rather than those which are drawn from a hierarchical
taxonomy.

Methods such as focussedcrawling are essentially ad-hoc heuristics in picking a particular strategy
for the crawling process.1 A broader goal would be relate particular attributes of the web pageto
the predicate of interest. Such methods are referred to as learning strategies. We will discusstwo
recent such methods in somedetail.

The �rst classof methods [4] useslinkagebasedinformation in order to improve the e�ectiv eness
of the crawling. In these techniques, various features of the web page such as its content, URL
extensions,and hyperlink structure may contribute to the classi�cation of a pageas a more likely
candidate for belonging to a particular topic. Such methods are however essentially linkagebased
sincethe URL pointers play the key role in the resourcediscovery process.

The secondclassof methods [1] is user-based,sinceit utilizes patterns of user behavior in order to
determine topics of interest. In the former case,the linkagebasedinformation is useddirectly under
the assumption that web pagesshow topical locality. The advantages of the user-basedsystem is
that it can be e�ectiv e in caseswhere it is not possible to reliably use linkage structure in order
to search for topical resources.This is partially becauseof the increasingnoisy nature of the links
on the web [5, 11, 16]. Such links may correspond to banners, advertisements and other content
which do not carry speci�c information about resourcediscovery. This increasednoisy behavior is
partially a result of the rapid commercialization of the world wide web. In user-centered methods,
information from world wide web traces is utilized in order to determine the candidate pagesof
interest.

1We note that the focussedcrawling technique [9] also usesa classi�er in the resourcediscovery process.However,
this classi�er is only utilized for de�ning the relevance of the web page to a given topic. In other words, the classi�er
acts as the predicate de�nition for the web page. This does not mean that the crawler is itself a learning processin
terms of the strategy it usesfor �nding candidate web pagesof interest.
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In user-centered systems,we make use of logs of user accessbehavior on public domain proxies.
An example of such a public-domain proxy is the Squid [24]. The accesspatterns (web logs) of
such proxies are publically available on the world wide web. Theselogs can be utilized in order to
determine the topical connection betweenusersand web pages.Such topical connectionscan then
be leveragedin order to compute the relevanceof a given web pageto the user-speci�ed predicate.
We note that in the secondcase,the linkagebetweenweb pagesis indir ect, since instead of using
URL pointers, we are using the commonality in browsing behavior in order to �nd new and relevant
web pages. We note that such a strategy sharessomeaspects of collaborative �ltering techniques
[2, 26], though the aim and scope of our system is di�eren t in many critical respects. Whereas
collaborative �ltering is only useful in recommendingweb pageswhich are interesting to a user,
our system is designedto �nd web pagesbelonging to particular topical classesor predicates.

This paper is organizedas follows. In the next section, we will discussthe basic framework which
can be leveragedin order to createan e�ectiv e crawling system. In section3, we will discussthe use
of linkagebasedtechniques in order to perform e�ectiv e crawling. In section4, we will discusshow
a user centered systemcan be created in order to create an e�ectiv e crawling system. In section 5,
we will discussmethods for combining the linkageand user-centered systems. In section 6, we will
present the conclusionsand summary.

2 The Learning Cra wler Framew ork

The basic framework for learning basedcrawlers is illustrated in Figure 1. The technique usesa
graph search technique on the world wide web pages,in which the pagesare explored sequentially
in order of a structural search mechanism. At each point of the search, a candidate list of web pages
is maintained. The pageson the candidate list are examined in order of increasing priorit y. This
priorit y value is calculated using a criterion which is dependent on the particular strategy being
utilized.2 When a candidate web pageF is examined, it meansthat the web pagehasalready been
accessedfrom the world wide web. At this point, it is checked whether or not the web pagesatis�es
the user-de�ned predicate. If such is indeed the case, then the web page is saved as a relevant
web page. In addition, considerablelearning information can be gleanedfrom whether or not the
web page satis�es the user-de�ned predicate. This learning information is stored in the statistics
K. For example, in the caseof a linkage basedstrategy, it may be more desirable to the set of
candidatespointed to from a web pageare utilized in order This structured search mechanism may
vary according to the particular method being used.

� In linkagebasedmechanisms[4], the URLs contained in the web pageare usedasthe criterion
for expanding the candidate list. Speci�cally , we check the URLs which are contained in that
web pageas pointers. The set of URLs N are generatedby the CreateDescendentCandidates
procedure. This procedure also computes the priorities of the di�eren t web pagesusing the
appropriate criterion. We note that the criterion for linkagebasedsystemsmay be di�eren t
than the criterion for user-centered systems.

2We will discussmore on the aspect of priorit y computation in later sections.
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Subroutine CreateDescendentCandidates(WebPage: F , Learning Statistics: K );
Find all immediate descendents of F using the
appropriate criteriuon for de�ning a descendent. Denote
descendents by N . Calculate the
priorit y of the candidate pagesin N
with the useof learning statistics in K.

Subroutine ExpandList(CandidateList: Cand, NewCandidates:N );
f Add those candidates in N to Cand which
have priorit y above a user-de�ned threshold; g

Algorithm LearningCrawlerFramework(StartingSeeds: S);
begin

Cand = S;
Set priorit y of each element in Cand to 1;

while Cand is not empty do
begin

Sort Cand in order of decreasingpriorities;
Pick the �rst pageF from Cand;
Issuea get request for URL F on the world wide web;
if F satis�es the predicate then save F ;
Update learning statistics K;
N = CreateDescendentCandidates(F , K);
ExpandList(Cand, N );
Delete F from Cand;

end ;
end

Figure 1: The Basic Framework for Learning BasedCrawlers
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� In user-centered systems[1], the behavior of users is utilized in order to guide the resource
discovery process. This behavior may be obtained from publically available web traces. In
this case,instead of using the set of hyperlinks emanating from a web page,we usethe set of
web pageswhich are browsedby the di�eren t usersin order to guide the processof resource
discovery.

3 Use of Link age Based Techniques

We note that a linkagebasedcrawler essentially searches for statistical aspects of the data which
are relevant for the purposeof crawling. These features may include the following aspects of web
pages:
� The set of words in the web page.
� URL tokens from the candidate URL. For example, if we are looking for skiing web pages,the
word \ski" in the URL provides evidenceof the nature of that web page.
� Statistics of the number of inlinking web pageswhich satisfy the predicate.
� Statistics of the number of siblings of a candidate which have already beencrawled that satisfy
the predicate. A web page is said to be a sibling of a candidate URL, when it is linked to by the
samepage as the candidate. As the crawl progresses,the importance of each of the above set of
statistics is learned by the crawler.

As discussedearlier, the statistical model maintains a dynamically updated set of statistical infor-
mation K which it has learned during the crawl, and a set of features in the given web page and
computes a priorit y order for that web pageusing this data. As we shall seelater, the particular
priorit y order which we determine calculatesthe interest factor on the likelihood that the features
for a candidate web pagemake it more likely that this pagesatis�es the predicate.

In order to calculate the priorities, we compute the ratio which signi�es whether a given set of
events makes it more likely for a candidate to satisfy the user de�ned predicate. We will develop
somenotations and terminology in order to explain the model a little better. Let C be the event
that a crawled web pagesatis�es the user de�ned predicate. For a candidate pagewhich is about
to be crawled, the value of P(C) is equal to the probabilit y that the web pagewill indeed satisfy
the user-de�ned predicate if it is crawled. The value of P(C) can be estimated by the fraction of
web pagesalready crawled which satisfy the user de�ned predicate.

Let E be a fact that we know about a candidate URL. This fact could be of several types. For
example, it could be a fact about the content of the inlinking web pagesinto this candidate URL,
it could be a fact about the set of tokens in the string representing the URL, or it could be a fact
about the linkagestructure of the URL. We will explore all of theseoptions slightly later.

Our knowledgeof the event E may increasethe probabilit y that the webpagesatis�es the predicate.
For example, consider the casewhen the candidate URL is linked to by another web page which
belongs to the same topic. In such a case, it is evident from earlier results on focusedcrawling
[9], that the resulting web pageis more likely to satisfy the predicate. Thus, in this case,we have
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P(CjE) > P(C). In order to evaluate P(CjE), we usethe following relationship:

P(CjE) = P(C \ E)=P(E) (1)

Therefore, we have:
P(CjE)=P(C) = P(C \ E)=(P(C) � P(E)) (2)

The idea is that the values of P(C \ E) and P(E) can be calculated using the information that
has beenaccumulated by the crawler. This is the self-learning data K which is accumulated over
time during the crawling process.Correspondingly, we calculate the interest ratio for the event C,
given event E as I (C; E). Therefore, we have:

I (C; E) = P(CjE)=P(C) (3)

Note that when the event E is favorable to the probabilit y of the candidate satisfying the predicate,
then the interest ratio I (C; E) is larger than 1. Correspondingly, when the event E is unfavorable,
then this interest ratio will be in the range (0; 1). Such a situation occurs when the event E makes
the candidate lessdesirable to crawl.

Let E1 : : : Ek be a set of k events. Let the composite event E be de�ned by the occurrenceof all
of theseevents. In other words, we have E = E1 \ E2 : : : Ek . Then the composite interest ratio is
de�ned as follows:

I (C; E) = � k
i=1 I (C; E i ) (4)

The composite event E is interesting when the corresponding interest ratio is larger than 1. We will
now proceedto examinethe di�eren t factors which are usedfor the purposeof intelligent crawling.

In order to identify the value of the content in determining the predicate satisfaction of a given
candidate page,we �nd the set of words in the web pageswhich link to it (inlinking web pages). A
statistical analysis is performed on this set of words. We de�ne the event Qi to be true when the
word i is present in one of the web pagespointing to the candidate.

Let M = f i : Event Qi is trueg
Now, let us consider a given word i such that i 2 M . Therefore, the event Qi is true. If C be
the event that a candidate URL is likely to satisfy the predicate, then let us calculate the value of
I (C; Qi ):

I (C; Qi ) = P(C \ Qi )=(P(C) � P(Qi )) (5)

It now remainsto estimate the parameterson the right hand sideof the above equation. In order to
estimate theseparameters,we can only rely on the experimental evidenceof the web pageswhich
we have crawled so far. The exact details of theseestimations will be discussedin a later section.

In order to �lter out the noisy words which do not carry much statistical signi�cance, we calculate
the level of signi�cance at which it is more likely for them to satisfy the predicate. Let n(C) be
the number of pagescrawled so far which satisfy the user de�ned predicate. Then, if N is the total
number of pageswhich have beencrawled so far, we have n(C) = N � P(C). The signi�cance factor
for the event C and condition Qi is denoted by S(C; Qi ) and is calculated as follows:

S(C; Qi ) = j(P(CjQi ) � P(C))=(
q

P(C) � (1 � P(C))=n(C))j (6)
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For some pre-de�ned signi�cance threshold t, we now de�ne the signi�cant composite ratio to
include only those terms which are in M , and for which S(C; Qi ) is above this threshold. We use
the processonly on words which are present in M . There are two reasonsfor this: (1) The words
which are not in M are often not statistically signi�cant, becausemost words in the lexicon are
not in M by default. (2) The scalability of the technique is a�ected by the useof an exceptionally
large number of words. The interest ratio for content basedlearning is denoted by I c(C), and is
calculated as the product of the interest ratios of the di�eren t words in any of the inlinking web
pages:

I c(C) = � i :i 2 M ;S(C;Q i )� t I (C; Qi ) (7)

The value of t denotes the number of standard deviations by which the presenceis greater than
the mean for the word to be useful. Under the assumption of normally distributed data, a value of
t = 2 results in about 95% level of statistical signi�cance. Therefore, we chosethe value of t = 2
consistently in all results tested.

The method discussedabove can easily be extendedto the caseof URL token basedlearning. The
tokenscontained inside a UniversalResourceLocator (URL) may carry valuable information about
the predicate-satisfaction behavior of the web page. The processdiscussedabove for the content
of the URL can also be applied to the tokensin the URL. For example,a URL which contains the
word \ski" in it is more likely to be a web pageabout skiing related information. Therefore we �rst
apply the step of parsing the URL. In order to parsethe URL into tokens,we usethe \." and \/"
characters in the URL as the separators. We de�ne the event R i to be true when token i is present
in the URL pointing to the candidate. As before, we assumethat the event that the candidate
satis�es the predicate is denoted by C. The interest ratio for the event C given R i is denoted by
I (C; Ri ). The processof actually calculating the interest ratio is exactly analogousto the caseof
content basedlearning. Therefore, we will omit the details of this aspect of the learning process.
We will denote the composite

In link basedlearning, we exploit the short range topical locality on the web. This is somewhat
similar to the focusedcrawler discussedin [9]. While the signi�cance of such link basedinformation
may vary from predicate to predicate, the intelligent crawler tries to learn the signi�cance of
link based information during the crawl itself. This signi�cance is learned by maintaining and
updating statistical information about short-range topical locality during the crawl itself. Thus,
if the predicate shows considerableshort-range locality, the crawler would learn this and use it
e�ectiv ely. Consider, for example,when the crawler hascollectedabout 10000URLS and a fraction
of P(C) = 0:1 of them of them satisfy a given predicate. If the linkagestructure were completely
random, then the expected fraction of links for which both the sourceand destination web page
satisfy the predicate is given by 1%. In reality, becauseof the short range topic locality discussed
in [9], this number may be much higher and is equal to f 1 = 7%. The corresponding interest ratio
is is given by 0:07=0:01 = 7. Sincethis is greater than 1, it implies a greater degreeof short range
topic locality than can be justi�ed by random behavior. In Table 1, we illustrate the di�eren t cases
for a link encountered by the crawler for which both the inlinking and linked-to web page have
already been crawled. The four possiblecasesfor the pagesare illustrated in the �rst column of
the Table. The secondcolumn illustrates the expected proportion of web pagesbelonging to each
class,if the linkagestructure of the web were completely random. At the sametime, we continue
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Table 1: Topic Locality Learning Information

T yp e of link Exp ected Actual
Pred- Pred P(C) � P(C) f 1

Pred- Non-Pred P(C) � (1 � P(C)) f 2

Non-Pred- Pred P(C) � (1 � P(C)) f 3

Non-Pred- Non-Pred (1 � P(C)) � (1 � P(C)) f 4

to collect information about the actual number of each of the four kinds of links encountered. The
corresponding fractions are illustrated in Table 1.

Now, considera webpagewhich is pointed to by k other webpages,m of which satisfy the predicate,
and k � m of which do not. (We assumethat these k pageshave already beencrawled; therefore
we can usethe corresponding information about their predicate satisfaction; those inlinking pages
to a candidate which have not yet been crawled are ignored in the calculation.) Then, for each
of the m web pageswhich satisfy the predicate, the corresponding interest ratio is given by p =
f 1=(P(C) � P(C). Similarly, for each of the k � m web pageswhich do not satisfy the predicate, the
corresponding interest ratio is given by q = f 3=(P(C) � (1 � P(C)). Then, the �nal interest ration
I l (C) is given by pm � qk� m .

Finally, the sibling based interest ratio is based on the idea that a candidate is more likely to
satisfy a predicate if many of its siblings alsosatisfy it. (As in [20], a parent that hasmany children
which satisfy the predicate is likely a hub and therefore a good place to �nd relevant resources.)
For instance, consider a candidate that has 15 (already) visited siblings of which 9 satisfy the
predicate. If the web were random, and if P(C) = 0:1, the number of siblings we expect to satisfy
the predicate is 15� P(C) = 1:5. Sincea higher number of siblings satisfy the predicate (i.e. 9> 1.5)
, this is indicativ e that one or more parents might be a hub, and this increasesthe probabilit y of
the candidate satisfying the predicate.

To compute an interest-ratio based on this observation, we used the following rule: If s is the
number of siblings that satisfy the predicate, and e the expected under the random assumption,
then when s=e> 1 we have positive evidencethat the candidate will satisfy the predicate as well.
(Siblings that have not yet been visited are ignored, since we don't know whether they satisfy
the predicate.) In the example above, the interest ratio for the candidate is thus 9/1.5=6, which
suggeststhat the candidate is likely to satisfy the predicate. The sibling based interest ratio is
denoted by I s(C).

Oncethe individual interest ratios havebeencomputed,an aggregateinterest ratio canbecomputed
as a (weighted) product of the interest ratios for each of the individual factors. Equivalently , we
can combine the preferencesby summing the weighted logarithms of the individual factors.

Pr ior ity Value = log(I c(C)) + log(I u(C)) + log(I l (C)) + log(I s(C))

If desired, it is also possibleto useweights in order to vary the importance of the di�eren t factors.

8



3.1 Utilizing User Exp eriences in Resource Disco very

In this section, we will discussthe statistical model which is used to connect the user behavior
with the predicate satisfaction probabilit y of the candidate web pages. As in the previous case,
the learning set K maintains the set of probabilities which indicate the user behavior during the
crawling process.Wenote that several kinds of information about the userbehavior may berelevant
in determining whether a web pageis relevant to the crawl:

� Access Frequency Beha vior: Since users that have accessedweb pagesbelonging to a
particular predicate are alsomore likely to accessother web pagesbelongingto the predicate,
this is an important factor in determining the probabilit y that a given candidate page will
belong to the crawl topic.

� Signature Features: A signature feature is described as any characteristic of a web page
such as content, vocabulary, or any other characteristic of a web page. Such signatures are
often useful in identifying aspects which the raw frequencycounts cannot provide.

� Temp oral Patterns of Users: A set of accessesof web pagesare likely to create similar
accessesin the near future.

In order to calculate the priorities with the accessfrequency, we compute the likelihood that the
frequency distribution of user accessesmakes it more likely for a candidate web page to satisfy
the predicate. In order to understand this point a little better, let us consider the following case.
Suppose that we are searching for web pageson online malls. Let us assumethat only 0:1% of
the pageson the web correspond to this particular predicate. However, it may happen that the
percentage of web pagesbelonging to online malls accessedby a user is over 10%. In such a case,it
is clear that the user is favorably disposedto accessingweb pageson this topic. If a given candidate
web pagehas beenaccessedby many such usersthat are favorably disposedto the topic of online
malls, then it may be useful to crawl the corresponding web page.

In order to develop the machinery necessaryfor the model, we will intro duce somenotations and
terminology. Let N be total number of web pagescrawled sofar. Let U be the event that a crawled
web page satis�es the user de�ned predicate. For a candidate pagewhich is about to be crawled,
the value of P(U) is the probabilit y that the web pagewill indeedsatisfy the user-de�ned predicate.
The value of P(U) can be estimated by the fraction of web pagesalready crawled which satisfy the
user de�ned predicate.

We will estimate the probabilit y that a web page belongs to a given predicate U, given the fact
that the web page has been crawled by user i . We shall denote the event that the person i has
accessedthe webpageby Ri . Therefore, the predicatesatisfaction probabilit y is givenby P(UjR i ) =
P(U \ Ri )=P(Ri ). We note that when the personi is topically inclined towards accessingweb pages
that belong to the predicate, then the value of P(UjR i ) is greater than P(U). Correspondingly, we
de�ne the interest ratio of predicate satisfaction as follows:

I B (UjRi ) = P(UjRi )=P(U) (8)
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We note that an interest ratio larger than one indicates that the person i is signi�cantly more
interested in the predicate than the average interest level of users in the predicate. The higher
the interest ratio, the greater the topical a�nit y of the user i to the predicate. Similarly, an
interest ratio lessthan one indicates a negative propensity of the user for the predicate. Now, let
us consider a web page which has been accessedby the users i 1 : : : i k . Then, a simple de�nition
of the cumulativ e interest ratio I (UjR i 1 ; : : : Ri k ) is the product of the individual interest ratios for
each of the users. Therefore, we have:

I B (UjRi 1 : : : Ri k ) = � k
j =1 I (UjRi j ) (9)

The above de�nition treats all users in a uniform way in the computation of the interest ratio.
However, not all interest ratios are equally valuable in determining the value of a user to the
crawling process. This is becausewe need a way to �lter out those userswhoseaccessbehavior
variesfrom averagebehavior only becauseof random variations. In order to measurethe signi�cance
of an interest ratio, we usethe following computation:

T(U; Ri j ) =
jP(UjRi j ) � P(U)j

p
P(U) � (1 � P(U))=N

(10)

We note that the denominator of the above expressionis the standard deviation of the average
of N independent identically distributed bernoulli random variables, each with successprobabilit y
P(U). The numerator is the di�erence betweenthe conditional probabilit y of satisfaction and the
unconditional probabilit y. The higher this value, the greater the likelihood that the event R i j is
indeedrelevant to the predicate. Wenote that this valueof T(U; R i j ) is the signi�cance factor which
indicates the number of standard deviations by which the predicate satisfaction of U is larger than
the averageif the user i j has browsedthat web page. In the computation of the interest ratio of a
candidate page,we useonly those usersi j for which T(U; Ri j ) � t for somethreshold3 t.

We note that the nature of proxy traces is inherently sparse. As a result, in many cases,a single
user may not accesstoo many documents in a single trace. Therefore, a considerableamount of
information in the trace can be broken up into signatures which are particular characteristics of
di�eren t web pages.Such signaturesmay be chosenacrossthe entire vocabulary of words (content),
topical categoriesbasedon scansacrossthe world wide web, or other relevant characteristics of
web pages.

The use of such characteristics is of tremendousvalue if the signatures are highly correlated with
the predicate. For example, if the document vocabulary is usedasthe relevant signature, then even
though there many be billions of documents acrossthe world wide web, the number4 of relevant
words is only of the order of a hundred thousandor so. Therefore, it is easierto �nd su�cien t overlap
of signaturesacrossusersin the crawling process.This overlap helps in reducing the feature space
su�cien tly , so that it is possibleto determine interesting patterns of user behavior which cannot
be discerned only by using the patterns in terms of the individual web pages. The processfor

3For the purp ose of this paper, we will use a threshold of t = 2 standard deviations in order to make this
determination.

4This assumesthat the documents are in English and stop-words/rare words have been removed.
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�nding the signature speci�c interest ratio I SF (UjRi 1 : : : Ri k ) is quite analogousto that of �nding
the user-speci�c interest ratio. More details on the method of �nding the signature speci�c interest
ratio may be found in [1].

The web pagesaccessedby a given user often show considerabletemporal locality. This is because
the browsing behavior of a user in a given sessionis not just random but is highly correlated in
terms of the topical subject matter. Often usersthat browseweb pagesbelonging to a particular
topic are likely to browse similar topics in the near future. This information can be leveragedin
order to improve the quality of the crawl.

In order to model this behavior, we will de�ne the conceptof temporal locality region of a predicate
U by T L(U). To do so, we will �rst de�ne the temporal locality of each web pageaccessA. The
temporal locality of a web pageaccessA is denoted by TLR (A) and is the n pagesaccessedeither
strictly before or strictly after A by the same user, but not including A. Now let us say that
A1 : : : Am be the set of accesseswhich are known to belong to the predicate U. Then the temporal
locality of the predicate U which is denoted by T L(U) is de�ned as follows:

T L (U) = [ k
i=1 TLR (A i ) (11)

Let f 1 be the fraction of web pagesbelonging to T L (U) which also satisfy the predicate. Further-
more, let f 2 be the fraction of web pagesoutside T L(U) which satisfy the predicate. Then, the
overall interest ratio for a web pagebelonging to T L (U), is given by:

I T L (U) = f 1=P(U) (12)

Similarly, the Interest Ratio for a web pagewhich doesnot belong to the temporal locality of U is
given by:

I T L (U) = f 2=P(U) (13)

We note that in most cases,the value of f 1 is larger than P(U), whereasthe value of f 2 is smaller
than P(U). Correspondingly, the interest ratios are larger and smaller than one respectively. For
a given web page, we check whether or not it belongs to the temporal locality of a web page
which satis�es the predicate. If it does,then the corresponding interest ratio is incorporated in the
computation of the importance of that predicate.

The di�eren t factors discussedabove can be utilized in order to create a composite interest ratio
which measuresthe value of the di�eren t factors in the learning process.We de�ne the composite
interest ratio as the product of the interest ratios contributed by the di�eren t factors. Therefore,
the combined interest ratio I C (U) for a web pagewhich hasbeenaccessedby usersi 1 : : : i k is given
by:

I C (U) = I T L (U) � I SF (UjRi 1 : : : Ri k ) � I B (UjRi 1 : : : Ri k ) (14)
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This composite interest ratio re
ects the overall predicate satisfaction probabilit y of a web page
basedon its characteristics.

4 On the Merits of Com bining User and Link age Information for
Topical Resource Disco very

In the previous sections,we discussedmethods for crawling with the utilization of user and linkage
information. In this section, we will discussmethods for combining the two, It turns out that a
method which combines user and linkage information is much more e�ectiv e than one which uses
only oneof the two. In order to achieve this, the systemcan �nd all the web pageswhich are linked
to by a predicate-satisfying web page and added to the candidate list. As a result, the list Cand
becomesa combination of candidates for which we may have either web log accessinformation or
linkageinformation. In addition, we needto make changesto the processof calculation of priorities.
In [4], we discussedthe computation of interest ratios which are analogousto those discussedin
this paper using purely linkagebasedinformation. Let I L (U) be the interest ratios computed for
a candidate page using the method in [4]. Let I C (U) be the corresponding user-basedinterest
ratio. As discussedearlier, not all web pageshave both linkagebasedand user-basedinformation
associated with them. Therefore, when such information is not available, the corresponding value
for I L (U) or I C (U) is set to one. Sincethe URL for a candidate pageis discovered either from the
content of a web page or from the web log, at least one of these interest ratios can be calculated
e�ectiv ely. The overall interest ratio is de�ned by I C (U) � I L (U). We will seethat the combination
of the linkageand user-basedsystemsis very powerful in practice in improving the quality of the
crawl. This is becausethe user behavior quickly identi�es the most popularly visited resources
which often link to a large number of closelyrelated pages.Thesepagesare addedto the candidate
list. The addition of such candidatesfacilitates the discovery of someof those rarely accessedweb
pageswhich may not be found in the traces. Thesein turn help in the discovery of more topically
inclined usersand vice-versa. In other words, someresourcescan be more easily crawled from the
user information, whereasothers require linkage information. These interest ratios thus act in a
complimentary way in �nding promising candidates during the resourcediscovery process. As a
result, the system works better than one which is developed using either purely user or purely
linkageinformation.

The systemwasimplemented on an AIX 4.1.4systemwith 100MB of main memory and 2GB SCSI
drive. The results were tested using two kinds of traces:

� Squid Pro xy Traces: Thesetraces are available from [25], and re
ect the web pageaccess
behavior acrossa wide spectrum of users on the internet. Each of these traces contained
between100,000to 1000,000user accesses.

� IBM Pro xy Traces: These traces re
ect the accessbehavior of IBM employeesand are
stored at the IBM Raleigh site. Each of thesetraces contain about 100,000accesses,and are
each basedon a single day of accessbehavior.
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Figure 2: Performanceof Collaborative and Intelligent Crawler (Predicate is category \SPORTS")
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Figure 3: Performanceof Collaborative and Intelligent Crawler (Predicate is category\ARTS")
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The performanceof the crawler was characterized by using the harvest rate P(U), which was the
percentage of web pagescrawled that satisfy the predicate. In order to illustrate our results, we
will present the lift curve which illustrates the gradual improvement of the harvest rate with the
number of URLs crawled. Initially , the crawling system is slow to �nd relevant web pages,but as
the crawl progresses,it gradually learns the propensities of the users in terms of their predicate
satisfaction probabilit y. This improves the computation of the interest ratios of the candidate
web pagesover time. Correspondingly, the percentage of the candidatescrawled belonging to the
predicate increasesas well.

First, wepresent the results which illustrate the comparisonsbetweena purely linkagebasedcrawler
(intelligent crawler) and a user-basedcrawler (collaborative crawler). In Figure 2, we have illus-
trated an example of a lift curve which shows the crawling performanceof the system over time.
In this case,the predicate is the web pagesbelonging to category \SPORTS" as predicted by the
classi�er discussedin [3]. The initial behavior of the crawler systemis random, but as it encounters
web pagesbelonging to the predicate, the performance quickly improves. In the samechart, we
have also illustrated the performanceof the intelligent crawler algorithm from [4]. The intelligent
crawler algorithm was run using �v e di�eren t starting points and the best of these lift curves (as
indicated by the value of P(U) at the end of the crawl) was used. It is interesting to seethat even
a single execution of the collaborative crawler was signi�cantly more e�ectiv e than even the best
of �v e executionsof the intelligent crawler.

We have illustrated the performance of the collaborative crawler in Figure 3. In this case, the
predicate is the category \AR TS". As in the previous case, we have plotted the curve for the
intelligent crawler for the best of �v e executionsof the algorithm. Again, the collaborative crawler
hasa much greater harvest rate than the intelligent crawler. Another interesting di�erence between
the collaborative and intelligent crawler is that the harvest rate of the intelligent crawler varies
signi�cantly over the crawl. This tends to indicate that the information available in web pagelinks
may not be very robust in always providing considerably e�ectiv e information for the crawling
process.

It is useful to measurethe behavior of the crawler when linkage and user information are com-
bined. Even though the information from the web traces turns out to be valuable in �nding the
most popular resources,its performancecan be improved further with the incorporation of linkage
information. This helps in �nding resourceswhich are not quite as popular, but are often relevant
to the predicate. In Figures 4 and 5, we have illustrated the harvest rate of the collaborative
and intelligent crawlers, together with a crawler which combines the two piecesof information. In
Figure 4, the predicate corresponds to the category \COMPUTERS" and containing the keyword
\viruses".

In Figure 5, the predicatecorrespondsto the AUTOMOTIVE categoryand containing the keywords
\T oyota Corolla". In both cases,the combined crawler performs better than a crawler employing
purely trace-basedor linkageinformation. This behavior seemedto beconsistent over a wide variety
of experiments that we performed. This behavior seemsto be a little surprising, since one would
normally expect that the lift curve for the combined system ought to be the averageof the two
individual systems.
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Figure 4: Combining trace-basedand linkageinformation (Predicate is category \COMPUTERS"
containing keyword \viruses")
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Figure 5: Combining trace-basedand linkageinformation (Predicate is category \A UTOMOTIVE"
containing keywords \T oyota Corolla")
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Figure 6: Reuseof crawler learning information (Predicate is category \SPORTS" containing key-
word \basketball")

On examining the web pagesobtained from the crawl, we discovered that both the trace-based
and the linkage-basedsystemsdiscovered web pageswhich the other could not discover. Corre-
spondingly, many web pageshad a high interest ratio using the linkagebasedcomputation, whereas
others had a high interest ratio using the trace basedcomputation. The noise-reductionmethodol-
ogy built into the interest ratio computation ensuresthat at each instant in time, the best criterion
is used. In many cases,the web pagesdiscovered by the linkagebasedmethodology would provide
information about new users that often accesspredicate speci�c web pages. In other cases,the
web pagesdiscovered using traces provided valuable hyperlinks to other predicate-relevant web
pages. This complementary relationship resulted in a system which was better than either purely
trace-basedor linkage-basedsystems.

4.1 Reuse of crawler learning information

We note that the crawler system discussedin this paper learns from the user behavior in the web
traces, which are usually available in large quantities on a daily basis. As the set of pagesavailable
on the web changeover time, it may be desirableto perform the samequery repeatedly in order to
discover the most recent resources. It is possibleto leveragethe information gained from a given
crawl in order to improve the e�ectiv enessof subsequent crawls. This is becausemany of the user
accesspatterns and interests are consistent over time, and provide valuable hints to the resource
discovery process.In Figure 6, we have illustrated the performanceof the collaborative crawler by
using two traces from the IBM proxy server. In this case,the predicate correspondsto the category
\SPORTS" containing the keyword \basketball". The traces were separatedby a period of about
6 months, as a result of which many of the user domains and web pagesin one trace were not
present in the other. We note that the processof reusing learned information from a given crawl is
not speci�c to the collaborative crawling method, but can also be easily extendedto linkagebased

16



0 500 1000 1500 2000 2500 3000 3500 4000
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

Number of Pages Crawled

H
ar

ve
st

 R
at

e 
P

(U
)

Reuse
Original Crawl

Figure 7: Reuseof crawler learning information (Predicate is category \AR TS" containing keyword
\gallery")

methods.

However, even this partial relevancewas su�cien t to signi�cantly improve the quality of the web
pagesobtained over a crawl which started from scratch. The crawl started with the a�nities of the
usersfrom the previous trace in order to decidethe priorit y of the web pagesto be crawled.

In Figure 7, we have illustrated similar results for the predicate corresponding to the category
\AR TS" and containing the keyword \gallery". Again, the reuseof crawler learning information
signi�cantly improves the performance of the crawl. It is clear from Figures 6 and 7, that when
the information from one trace is used in the second,the performanceof the crawler is improved
substantially during the initial learning phase. This property is valuable in building an incremental
crawler in which similar kinds of resourcesoften have to be repeatedly crawled over di�eren t periods
of time. As discussedin recent research [19], such queriesare useful becauseof the rapidly evolving
nature of the world wide web. The systemof this paper provides a useful technique to resolve such
queriese�ectiv ely.

5 Conclusions and Summary

In this paper we discusseda number of learning techniques for topical resourcediscovery. Specif-
ically, we discussedthe collaborative crawler and the intelligent crawler which are techniques for
utilizing learning methods for resourcediscovery. The results illustrate that while user-experiences
provide a richer abilit y to perform the learning, the combination of userand linkagebasedmethods
tend to be more e�ectiv e than either. This is becausethe combination is able to capture those
kinds of web pagesthat either of the techniquescannot do alone. We note that the learning system
discussedin this paper is also applicable to an environment in which the web pagesevolve over
time. In such cases,the system can leverage the information learned about user behavior in a
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given crawl in order to improve the e�ectiv enessof subsequent crawls. We also showed that the
collaborative crawling system can be combined with a linkage basedsystem in order to create a
crawler which is more e�ectiv e than either a purely linkageor trace-basedsystem.

References

[1] C. C. Aggarwal. Collaborative Crawling: Mining User Experiencesfor Topical ResourceDis-
covery. Proceedings of the KDD Conference, 2002.

[2] C. C. Aggarwal, J. L. Wolf, K.-L. Wu, P. S. Yu. Horting Hatchesan Egg: A New Graph The-
oretical Approach to Collaborative Filtering. Proceedings of the ACM SIGKDD Conference,
1999.

[3] C. C. Aggarwal, S. C. Gates,P. S. Yu. On the merits of using supervisedclustering for building
categorization systems.Proceedings of the ACM SIGKDD Conference, 1999.

[4] C. C. Aggarwal, F. Al-Garawi, P. Yu. Intelligent Crawling on the World Wide Web with
Arbitrary Predicates.Proceedings of the WWW Conference, 2001.

[5] K. Bharat, M. Henzinger. Improved Algorithms for Topic Distillation in a Hyperlinked Envi-
ronment. Proceedings of the ACM SIGIR Conference, 1998.

[6] J. Carriere, R. Kazman. Searching and Visualizing the Web through Connectivity. Proceedings
of the World Wide Web Conference, pages701-711,1997.

[7] S. Chakrabarti, B. Dom, D. Gibson, J. Kleinberg, P. Raghavan, S. Rajagopalan. Automatic
ResourceCompilation by Analyzing Hyperlink Structure and Associated Text. Special Issue
of the SeventhWorld Wide Web Conference, 30(1-7), April 1998.

[8] S.Chakrabarti, B. Dom, S.Ravi Kumar, P. Raghavan, S.Rajagopalan,A. Tomkins, D. Gibson,
J. Kleinberg. Mining the Web's link structure. IEEE Computer, 32(8):60-67,August 1999.

[9] S. Chakrabarti, M. van den Berg, B. Dom. FocussedCrawling: A New Approach to Topic
Speci�c ResourceDiscovery. Proceedings of the Eighth World Wide Web Conference, pages
545-562,1999.

[10] S. Chakrabarti, M. van den Berg, B. Dom. Distributed Hypertext ResourceDiscovery through
Examples. Proceedings of the VLDB Conference, 1999.

[11] S. Chakrabarti. Integrating the Document Object Model with Hyperlinks for EnhancedTopic
Distillation and Information Extraction. Proceedings of the WWW Conference, 2001.

[12] M. S. Chen, J. S. Park, P. S. Yu. Data Mining for Path Traversal Patterns in a Web Environ-
ment. ICDCS Conference, 1996.

[13] M. Diligenti et al. FocusedCrawling Using Context Graphs. Proceedings of the VLDB Con-
ference, 2000.

18



[14] J. Ding, L. Gravano, N. Shivakumar. Computing Geographical Scopes of Web Resources..
Proceedings of the VLDB Conference, 2000.

[15] J. Edwards, K. McCurley, J. Tomlin. An Adaptiv e Model for Optimizing Performanceof an
Incremental Web Crawler. Proceedings of the World Wide Web Conference, 2001.

[16] R. Lempel, S. Moran. The Stochastic Approach for Link-Structure Analysis (SALSA) and the
TK C e�ect. WWW9 Conference, pages387-401,2000.

[17] M. Najork, J. Wiener. Breadth-First Search Yields High-Qualit y Web Pages.Proceedings of
the World Wide Web Conference, 2001.

[18] Z. Bar-Yossef, A. Berg, S. Chein, J. Fakcharoenphol, D. Witz. Approximating Aggregate
Queriesabout Web Pagesvia Random Walks. Proceedings of the VLDB Conference, 2000.

[19] J. Cho, H. Garcia-Molina. The Evolution of the Web and Implications for an Incremental
Crawler. Proceedings of the VLDB Conference, 2000.

[20] J. Kleinberg. Authoritativ e Sourcesin a Hyperlinked Environment. Proceedings of the ACM-
SIAM Symposium of Discrete Algorithms, 1998.

[21] R. Kumar, P. Raghavan, S. Rajagopalan, A. Tomkins. Trawling the Web for Emerging Cyber-
communities. Proceedings of the World Wide Web Conference, 1999.

[22] S.Mukherjea. WTMS: A Systemfor Collecting and Analyzing Topic-Speci�c WebInformation.
Proceedings of the World Wide Web Conference, 2000.

[23] S. Raghavan, H. Garcia-Molina. Crawling the hidden web. Proceedings of the VLDB Confer-
ence, 2001.

[24] A. Rousskov, V. Solviev. On Performanceof Caching Proxies.
http://www.cs.ndsu.no dak.edu/ rousskov/research/cache/squid/pro�ling/pap ers/

[25] ftp://ircac he.nlanr.net/T races/

[26] U. Shardanand, P. Maes. Social Information Filtering: Algorithms for Automating Word of
Mouth Proceedings of CHI '95, Denver CO, pp. 210-217,1995.

[27] R. Srikant, Y. Yang. Mining Web Logs to Improve Website Organization. ACM KDD Confer-
ence, 2001.

[28] http://www.y ahoo.com

[29] http://www.alta vista.com

[30] http://www.lycos.com

19


