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ABSTRACT
Due to resource constraints, search engines usually have dif-
ficulties keeping the local database completely synchronized
with the Web. To detect as many changes as possible, the
crawler used by a search engine should be able to predict the
change behavior of webpages so that it can use the limited
resource to download those webpages that are most likely
to change. Towards this goal, we propose using sampling
approach at the level of a cluster. We first group all the
local webpages into different clusters such that each cluster
contains webpages with similar change patterns. We then
sample webpages from each cluster to estimate the change
frequency of all the webpages in that cluster, and the clus-
ter containing webpages with higher change frequency will
be revisited more often by our crawler. We run extensive
experiments on a real Web data set of about 300,000 dis-
tinct URLs distributed among 210 websites. The results
show that by applying our clustering algorithm, pages with
similar change patterns are effectively clustered together.
Our proposal significantly outperforms the comparators by
improving the average freshness of the local database.

Keywords
Refresh policy, sampling, clustering, database, Web crawler,
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1. INTRODUCTION
Search engines rely on crawlers to harvest webpages and

store them in their local databases, and the local copies are
later retrieved to answer relevant user queries. Although
ideally the search engines may synchronize these local copies
with their online counterparts, due to resource constraints
it is not feasible for crawlers to constantly monitor and
download every single webpage. Therefore a round-robin
polling strategy will not guarantee an effective and efficient
performance. To be more efficient, crawlers can periodically
re-visit based on certain strategies a portion of the webpages
that are more likely to have changed since the last visit.
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We investigate a typical scenario in which due to resource
constraints, a crawler is only allowed to periodically down-
load a fixed number of webpages and update the correspond-
ing local copies when a change has been found. We define
this fixed number of pages as the download resources and
the periodical interval as the download cycle. Thus, the
crawler’s goal is, given the download resources, to maximize

the number of updated webpages downloaded in each down-

load cycle. Because a crawler can verify whether a webpage
has changed only after it downloads the page, the challenge
therefore becomes how to predict, as accurately as possible,
the probabilities of change for the webpages in the local
repository. Those webpages with higher change probabilities
will be assigned a higher priority for download.

To address the above challenge, Cho and Ntoulas pro-
posed a sampling-based algorithm that is widely adopted
[9]. In their approach, a small number of webpages are
first downloaded from each website as samples, then these
samples are used to decide which websites contain more
changed webpages so that more resources are assigned to
those websites. More specifically, their sampling is at the
level of a website with a greedy sampling policy, in which a
few webpages from each website are chosen as samples and
all the webpages in the website with the largest number of
changed samples are re-downloaded. We argue that the level
of a website may not be a good granularity for sampling be-
cause the update patterns of various webpages on the same
website could be quite different, while webpages with similar
update patterns may distribute across different websites [12].
We propose using clustering techniques to group webpages
with similar update patterns together and use the cluster
as the downloading granularity for the sampling approach.
Our major contributions include:

• We investigate the feature space for clustering web-
pages according on their likelihood of change, by study-
ing not only the static features (e.g. size of a webpage),
but also the dynamic features (e.g. the degree of the
observed changes). By partitioning the feature vector
into different categories, we also study which set of
features are the most effective in change prediction.

• We propose a new sampling approach which is at the
level of a cluster. A sufficient set of webpages are cho-
sen from each cluster as samples, based upon which the
change patterns of the webpages in the whole cluster
can be predicted.

• We compare four different settings, non-adaptive, short-
sighted-adaptive, arithmetically-adaptive, and geome-
trically-adaptive policy, to compute the change fre-
quency of the samples. We conclude that the adaptive



policies’ prediction is more accurate than the non-
adaptive one.

The rest of the paper is organized as follows. In Section
2 we describe some existing work related to our approach.
We propose our clustering process and the features used
for clustering in Section 3. In Section 4 we investigate the
sampling process on the cluster level. In Section 5 we present
and discuss the empirical results. We outline our conclusion
in Section 6.

2. RELATED WORK
Existing studies have shown the dynamics of the Web

pages that covers a broad spectrum of change rate varying
from a few hours, a few weeks, to a year [4, 6, 16]. In order
for search engines to keep up with the dynamic Web, server-
side approaches require that the Web servers keep a file with
a list of URLs and their respective modification dates [3].
This approach is very efficient but requires modifications to
the server-side implementation.

On the other hand, client-side techniques are independent
of server-side implementation. First, probabilistic models
have been proposed to approximate the observed update his-
tory of a webpage and to predict its change in the future [7,
11]. Most of these change-frequency–based refresh policies
assume that the webpages are modified by Poisson processes

[13]. Besides page’s change frequency, several metrics have
been proposed to guide the crawler how to choose webpages
to re-download, such as freshness and age [7], “embarrass-

ment” metric [22] and user-centric metric [18]. However,
a limitation common to all these approaches is that they
need to gather enough accurate historical information of
each webpage. To address this problem, sampling-based
approaches are proposed to detect webpage changes by ana-
lyzing the update patterns Their sampling method samples
and downloads data in the unit of a website. Different from
their approaches, we analyze whether sampling in the unit
of a cluster, which is based on some change related features,
can be more effective.

Recently, a classification-based algorithm [2] takes into
account both the history and the content of pages to predict
their behavior. Their experiment results on real web data
indicate that their solution had better performance than
the change-frequency–based policy [6]. The key difference
between their algorithm and ours is that they assume the
crawler knows the change history of a set of webpages. And
these webpages are used as training data to learn the change
pattern of other new pages. While in our approach, we do
not assume the crawler has any existing historical informa-
tion. Therefore, our approach is more applicable than the
classification-based method.

3. CLUSTERING WEBPAGES USING FEA-
TURES RELATED TO CHANGE PATTERNS

We cast the problem of finding webpages that have similar
change patterns into a clustering problem, with the assump-
tion that webpages have specific features related to their
update behaviors. In this section we discuss how to cluster
all the webpages in the local database. The first step of the
clustering process is to extract two types of intrinsic features
(static and dynamic) that are correlated with the webpages’
change patterns.

3.1 Learning Static Features
Recent studies have found that some characteristics of

webpages are strongly correlated with their change frequen-
cies. For example, Douglis et al. [10] noted that actively-
changing webpages are often larger in size and have more im-
ages. Fetterly et al. [12] observed that the top-level domains
of the webpages are correlated with their change patterns.
Based on the previous findings and our observations, the
following static features are used in our clustering process.

Content features There are 17 features in total. First,
we construct a word-level vector to represent the content
of the webpage, which is used as one feature vector for
clustering. To avoid its dominance over other features, we
first cluster all the webpages based on the tf · idf [20] vector
of all the words. The IDs of the 10 largest clusters are
chosen as the labels of 10 dimensions in the feature vector.
Then for each webpage p, the values of these 10 dimensions
are computed as follows. Suppose the webpage belongs to
the cluster Cp, the feature’s cluster label is Cf . Using the
distance of the centroids of each cluster to represent the
distance of two clusters, the value of the feature fCf

is
computed as follows. fCf

= 0 for the webpages in Cp = Cf ,
fCf

= 1 for the webpages in Cp which has the shortest
distance to Cf , fCf

= 2 for the webpages in Cp which
has the second shortest distance to Cf , and so forth. To
speed up the computation, we use the 1000 most frequently
appearing words in all the webpages.

In addition to the 10 content-related features, we consider
seven other features: number of images, number of tables,
number of non-markup words, file size in bytes (excluding
the HTML tags), and file types: whether the file is an HTML
file, a TXT file, or others (i.e. each file type is represented as
one dimension in the feature vector and they are all in binary
form, e.g. for an HTML file the corresponding dimension has
a value of 1; otherwise, 0).

URL features There are 17 features in total. First, we
process the words in the URL as what we do for the words
on the webpage in order to keep the final feature vector at
a reasonable size. Second, we compute the depth of the
webpage in its domain, i.e. the number of “/” in the URL.
We also consider the name of the top-level domain in the
URL, and reserve six dimensions in the feature vector for
the domains .com, .edu, .gov, .org, .net., and .mil. Each of
these six dimensions is a binary feature indicating whether
the webpage belongs to the corresponding domain or not.

Linkage features There are four features in total. We
use PageRank [17] of the webpage as an indicator for the
popularity of a webpage. The assumption is that the more
popular a webpage is, the more up-to-date it needs to be
kept. PageRank is a probability distribution to indicate the
likelihood that a person randomly traversing the Web will
eventually arrive at any particular page. The PageRank of
a webpage, pi, is calculated as follows:

PR(pi) =
1 − d

N
+ d

X

pj∈IL(pi)

PR(pj)

OL(pj)
. (1)

where p1, p2, ..., pN are the webpages, IL(pi) is the set of
pages that link to pi, OL(pj) is the number of out-going
links on page pj , N is the total number of webpages in the
local repository, and d is a damping factor. PageRank has
been proven in previous studies [8] as an excellent ordering
metric when crawling for pages with many in-links. We also
consider three other features related to linkage: number of



incoming links within the local repository, number of outgo-
ing links, and number of email addresses on the webpage.

3.2 Learning Dynamic Features
Ali and Williams have discussed in [1] that the significance

of the past changes in document content is an effective mea-
sure for estimating whether the document will change again
and should be re-crawled. We extend this idea to some of
the aforementioned static features as follows. Note that it is
impossible to calculate these dynamic features until after the
second download cycle, due to the fact that they are based
on the comparison between two consecutive snapshots of a
webpage.

Dynamic Content Features We use the following five
features: Change in the webpage content, which is computed
by the cosine similarity between the webpages’ content in
two consecutive download cycles; change in the number of
images; change in the number of tables; change in the file
size (in bytes, without the HTML tags); and change in the
number of non-markup words on the webpage.

Dynamic Linkage Features We use the following four
features: Change in PageRank, change in the number of
incoming links within the local repository; change in the
number of outgoing links, and change in the number of email
addresses on the webpage.

3.3 Clustering Webpages
With each webpage represented by a feature vector, we

apply the Repeated Bisection Clustering (RBC) algorithm
[14] to construct hierarchical clusters. With the RBC algo-
rithm, a k-way clustering solution is obtained via a sequence
of cluster bisections.

An important question that needs to be answered before
applying the clustering algorithm is how many clusters there
are in the data set. Since clustering analysis is an unsuper-
vised learning technique, we do not have prior knowledge
about the number of clusters. However, we can estimate
this number by using the method of v-fold cross-validation.
The general idea of the v-fold cross-validation is to divide
the overall data set into a number of v folds. The clustering
process is then successively applied to the data belonging to
the v − 1 folds (training samples) to get k clusters. For the
vth fold (test sample), the centroids of these k clusters are
applied to them and the data in the vth fold are put into k

different clusters. A single measure is used to evaluate the
quality of the clustering results in the vth fold. This measure
is based on the goal of clustering, which is to minimize the
similarity of data within the same cluster while maximize
the similarity of data between different clusters.

In general, we try a range of numbers, ks, in clustering.
For each k, we apply the v-fold cross-validation method
and observe a score function used in the clustering process.
Specifically, we focus on the criterion function used by most
vector-space based clustering algorithm. Let the k clusters
denote as Sr, r ∈ [1, k], and their centroids denote as Cr.
If we use the cosine function to measure the similarity be-
tween a webpage pi and a centroid Cr, the criterion function
becomes the following:

τ =
k

X

r=1

X

pi∈Sr

cos(pi, Cr). (2)

where cos(pi, Cr) is obtained as

cos(pi, Cr) =
pT

i Cr

‖ pi ‖‖ Cr ‖ . (3)

To maximize (2) is to maximize the similarity between
each webpage and the centroid of the cluster that is assigned
to. Generally speaking, the larger k is, the higher τ is.
However, a very large k may impact the efficiency of the
clustering algorithm. Thus we need to try different values
of k and select the one that can balance both. The results
of v-fold cross-validation are best reviewed in a simple line
graph. The line showing the score function should first
quickly increases as the number of clusters increases, but
then levels off. As such, the optimal number of clusters can
be found at the point switching from increasing to levelling
off.

4. SAMPLING IN CLUSTER LEVEL FOR
UPDATE DETECTION

We present in this section a sampling-based update de-
tection algorithm that works at the cluster level, under the
assumption that each cluster contains webpages with similar
change patterns. However, as we have no prior knowledge
about which cluster is more likely to change, we adopt a
sampling approach to determine which cluster contains web-
pages with the highest change probability. The mechanism
of this sampling approach is as follows. The crawler first
chooses samples from each cluster instead of each website,
and then checks whether the samples are up-to-date. Finally
the crawler selects the clusters with high change probabili-
ties to re-visit.

4.1 Sampling webpages
We first address two challenging questions in sampling

webpages: which webpages in the cluster, and how many of
them should be selected as samples.

To select representative webpages for the whole cluster as
samples, those that are near the cluster’s centroid are the
most suitable candidates. The distance between a webpage
and the centroid can generally be represented using the
cosine function given by (3). This measure ranges in [0, 1]
and becomes larger when the webpage is more similar to the
centroid.

A sufficient sample for a cluster is defined as the sample
which produces a valid mean score for the cluster. This
valid mean score should represent the population mean µ

within µ ± δ at a confidence level (e.g. 80%) in a standard
t-test. Here µ is the average change frequency of the samples
(explained later). The sample’s valid mean score is used to
represent the mean score of the whole cluster. It’s possible
that a sample of reasonable size is unable to produce a
valid mean score. Therefore, we set an upper bound for
the sample size in each cluster to avoid analyzing too many
samples. In our setting, we set the upper bound of the
sample size as the total number of download resources over
the number of clusters.

4.2 Predicting change patterns
The sampled webpages are used to predict the change pat-

terns of the cluster. For each sampled webpage we estimate
the change frequency based on its update history. Then for
each cluster, we compute its download probability ϕ as the
average change frequency of all sampled pages in that clus-
ter. The crawler can then download webpages from clusters



in the descending order of their download probabilities, until
the download resources are exhausted.

One can study a sampled page’s change frequency based
on its history [21]. The basic idea is that pages with many
recent changes are more likely to change again. We also
model the update of the webpages using a Poisson process

[13] which has been shown effective in experiments with real
webpages [5, 7]. The Poisson process is often used to model a
sequence of events that happen randomly and independently
at a fixed rate over time. In this process, the time to the next
event is exponentially distributed. For our scenarios, it is
reasonable to assume that the update of a webpage p follows
a Poisson process with its own change rate λp. This means a
webpage changes on its own, instead of depending on other
pages. This assumption may not be strictly held but it has
been proved to be the first workable approximation for real
applications. Note that the change rate may differ from page
to page. For each webpage p, let T denote the time when
the next event occurs as a Poisson process with change rate
λp. Then, we obtain the probability that p changes in the
interval (o, t] by integrating the probability density function:

Pr{T ≤ t} =

Z t

0

fp(t)dt =

Z t

0

λpe
−λpt

dt = 1 − e
−λpt

.

We set the parameter download probability ϕ to be Pr{T ≤
t} where t = 1, which means one download cycle. Therefore,

ϕ = Pr{T ≤ 1} = 1 − e
−λp . (4)

Clearly, ϕ depends on the parameter λp. We compute
λp based on the change history of the webpage p within n

download cycles:

λp =

Pn

i=1 wi · I(Li[p])

n
,

n
X

1

wi = 1, (5)

where I(pi) is an indicator function defined as follows:

I(Li[p]) =



1 if Li[p] 6= Li−1[p],
0 otherwise.

And wi is the weight assigned to changes occurred in differ-
ent download cycles so that the distribution of change events
is also taken into account.

Typically, wa ≤ wb is satisfied when a < b, which indicates
that changes occurred in the more recent download cycles
are more important. We propose four settings for wi that
we will experiment with later in Section 5:

1. Non-adaptive – w1 = w2 = ... = wn =
1

n
. In this case,

all change events have equal importance.

2. Shortsighted adaptive – w1 = w2 = ... = wn−1 =
0, wn = 1. In this case, the crawler only concerns
about the current change status of the webpage.

3. Arithmetically adaptive – wi =
i

Pn

i=1 i
. In this case,

bias is given to only the latest change event.

4. Geometrically adaptive – wi =
2i−1

Pn

i=1 2i−1
. In this

case, bias is given to the more recent change events.

5. EXPERIMENTAL EVALUATION

5.1 Data Collection and Evaluation Metric
We carried out extensive experiments on a large dataset to

evaluate the sampling-based update detection algorithm and
the various parameter settings we proposed. A collection
of real webpages from the WebArchive project1 were first
obtained, and we implemented a special spider to crawl the
Internet Archive2 to obtain the historical snapshots of these
webpages. The Internet Archive has archived more than 55
billion webpages since 1996. Excluding the webpages that
were not available in the Internet Archive, we eventually
constructed a dataset containing approximately 300,000 dis-
tinct URLs that belong to more than 210 websites. For each
URL, we downloaded from Internet Archive their historical
snapshots dated between Oct. 2002 and Oct. 2003. We have
the largest number of websites in the .com domain and the
largest number of webpages in the .edu domain (see Table
1 for the distribution by different top-level domains). Over-
all, our dataset is diverse enough to evaluate the proposed
algorithms.

domain total sites avg urls / site

.edu 107204 (37.7%) 68 1576.5
.com 100725 (35.4%) 92 1094.8
.gov 38696 (13.6%) 23 1682.4
.org 22391 (7.9%) 16 1399.4
.net 12972 (4.6%) 12 1081.0
.mil 1998 (0.7%) 1 1998.0

Sum 284692 (including 706 misc. URLs)

Table 1: Distribution of top-level domains in the
collected data; .com and .edu together account for
more than 70% of the webpages.

We used the average ChangeRatio as the evaluation metric
in the experiments. ChangeRatio is defined as the fraction of
downloaded and changed webpages Dc

i over the total num-
ber of downloaded webpages Di in the ith download cycle
[10]. In our experiments we measure the per-download-cycle
ChangeRatio Ci as well as the average ChangeRatio C which
is the mean Ci over all download cycles.

5.2 Results and Discussion
We now present our findings in applying the sampling-

based algorithm on the aforementioned data collection. Note
that when a webpage is visited, its historical snapshot with
the same time-stamp from the Internet Archive is compared
with the corresponding copy in the local repository, to check
whether it has changed or not; if there is no exact match
in the archive, the version with the closest time-stamp is
checked instead.

Estimating Number of Clusters We employ the 10-

fold cross-validation method to cluster the content of web-
pages and URLs, and incrementally set the number of clus-
ters from 10 to 200 to learn which is the best choice for the
clustering process. Figure 1 shows the values of τ under
different numbers of clusters, k. We can see from this figure
that the value of τ goes up as k increases. This is because
with larger k, fewer webpages are assigned to one cluster
and the clusters are more concentrated. Hence, the cosine
similarity between the webpage and the centroid of cluster

1http://webarchive.cs.ucla.edu/
2http://www.archive.org/



gets larger. However, τ is not increasing steadily. Its gradi-
ent is sharp when k is smaller. For URL clustering, there is
a turning point for τ when k reaches 100: as k passes 100,
τ increases much slower than before. This indicates that
once k > 100, increasing k does not have significant impact
on the clustering output. The similar trend also appears in
content-based clustering. Therefore, we use k = 100 for all
the clustering processes in the following experiments.

0 50 100 150 200
0

2

4

6

8

10

12

x 10
4

Number of Clusters

C
rit

er
io

n 
F

un
ct

io
n 

(τ
)

URL
content

Figure 1: Cluster quality for URL and content
clustering over different numbers of clusters. k =
100 is the optimal setting because it can balance
the quality of the clusters and the overhead for
clustering.

Evaluating Feature Effectiveness We partition all the
features into different categories and apply the clustering
process to each category. These categories include: (1) URL:
All words in the webpages’ URLs; (2) Content: All words on
the webpages; (3) URL+content; (4) Static: All the static
features listed in Section 3.1 except the 10 features related to
URL words and the 10 features related to webpage content.
There are 28 features in total; (5) Dynamic: All the dynamic
features listed in Section 3.2. There are 9 features in total;
(6) Combined: All the features we have discussed so far.
There are 47 features in total.

We show the comparison results in Figure 2. For this set
of experiments, the download cycle is set to be one month
and the download resources R is set incrementally from
25K, 50K, to 100K. For the sampling process, we set the
change frequency to be the non-adaptive one and confidence
level at 80%. The figure gives us the following illustrations:
First, when the download resource is scarce, the choice of
feature sets for clustering has a huge impact on the average
ChangeRatio of the clusters. While the combined feature
set performs the best, using only the URL words for clus-
tering has the lowest ChangeRatio because it ignores other
important features. Second, when the download resource
is abundant, the performance of all feature settings become
similar. Using words in both URL and content for clustering
has similar performance as using words in content only. This
is because, compared with content, URL is relative short and
much less informative. The performance of using all features
for clustering is better than using any of the subsets, as such
we use all features discussed for clustering in the following

experiments.
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Figure 2: Comparison of different clustering feature
sets. Dynamic features can predict change patterns
better than static features.

Selecting wi for Change History We experimented
with the four different settings for wi discussed in Section 4.
They are non-adaptive (nad), shortsighted-adaptive (sad),
arithmetically-adaptive (aad), and geometrically-adaptive (gad).
For this set of experiments, the download cycle is set to be
one month and the download resources R is set to be 25K.
Figure 3 shows the results from this experiment. At the be-
ginning, the policy with shortsighted-adaptive wi, which fo-
cuses on only the current change status, outperforms all the
other because others (except the non-adaptive policy) have
no knowledge about the change history. On the contrary,
using the non-adaptive wi has the lowest ChangeRatio at
the beginning while gradually outperforms the shortsighted-
adaptive one. The other two adaptive policies have very
similar performances, and eventually their ChangeRatios
are the highest among all.
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Figure 3: Comparison of adaptive and non-adaptive
wi . Using adaptive wi can improve the ChangeRatio

in the long term.

Comparing to Existing Methods We compare the



effectiveness of our cluster-level sampling approach against
that of four existing algorithms:

• Random Node Sampling (Rand): The crawler uni-
formly re-download at random webpages in each down-
load cycle [15].

• Round Robin (RR): The crawler downloads webpages
in a round-robin fashion in each download cycle.

• Change-Frequency–Based policy (Freq): The crawler
selects webpages to re-download based on their past
change frequencies.

• Greedy Site-Level Sampling (SLS): It is a site-level
sampling approach proposed in [9]. We set the sample

size for each site as the optimal one,
√

Nr, which is
proposed in [9]. Here N is the average number of pages
in all sites, and r is the ratio of download resources to
the total number of webpages in the local repository.

For our cluster level sampling algorithm (CLS), we show
the average ChangeRatio of four different settings for wi

and set the confidence level to 0.8. Figure 4 gives the Chang-
eRatio for all download policies. Clearly, the performance of
our cluster-level sampling is better than that of the site-level
sampling. This is because in CLS, webpages are grouped
based on the features most relevant to their update patterns,
while in SLS webpages are grouped based only on their
top-level domains. Thus a crawler implementing the CLS
scheme can easily capture webpages with similar change
patterns. In this set of experiments, using sad has higher
average ChangeRatio than nad, aad, and gad. However, as
we observe in Figure 3, the two adaptive strategies aad and
gad will outperform sad in the long term.
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Figure 4: Comparison with four published
update-detection methods. Our cluster-level
sampling algorithm significantly outperforms the
site-level sampling method.

6. CONCLUSION
In this paper, we studied how to make the search engine’s

local database as up-to-date as possible with a fixed amount
of available download resources. Motivated by the obser-
vation that webpages sharing similar change patterns tend
to have certain similar features, we proposed a sampling-
based synchronization algorithm which works at the cluster
level. The algorithm first clusters the webpages in the local
repository based on the features closely correlated with their

update patterns, then samples the clusters that are more
likely to change, and eventually uses the changed samples
in each cluster as the seeds to discover more changed web-
pages. Experimental results show that our approach out-
performs various existing sampling-based update detection
algorithms.

There are several promising directions for future research.
First, we plan to investigate different clustering algorithms
and find out which is the most suitable for our application.
Second, in addition to the v-fold cross validation, we can
apply some newly proposed methods, e.g. X-means [19],
to estimate the appropriate number of clusters before the
clustering phase.
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