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Abstract

In the age of Internet, the performance of many Web-
based applications critically depend on the quality of local
repositories. Due to the dynamics of remote Web sources,
applications have to crawl information periodically to en-
sure the high quality of repositories. In this paper, we use
the general quality-aware principle to strike balances be-
tween the quality of repositories and the resources for syn-
chronization. The contributions of this paper are: 1) An ex-
tensive empirical study is conducted on six WWeb sites from
four domains (cars, books, job postings, and forums), with
about 140 thousand objects collected during a period of 1.5
years. Our study provides valuable insights into the dy-
namics of Web sources; 2) An arrival-survival approach
is proposed to model behavior of individual objects at re-
mote sources, and the estimation of various quality met-
rics are derived; 3) A general adaptive framework based
on time series analysis is proposed. This novel approach
allows the underlying model be adaptive to the dynamics of
remote sources; 4) An object partitioning approach is pro-
posed based on object attributes to improve the accuracy of
quality metric prediction. At last, our approaches are val-
idated on real Web datasets, and good results are obtained
on both quality prediction and resource all ocation.

1 Introduction

As the Web becomes the dominant medium for informa-
tion delivery and commerce, an increasing number of appli-
cations have their services heavily rely on data repositories
in utilizing information collected from various Web sources.

The following example illustrates such a trend.

Example 1 Comparison shopping service providers like
MyS mon.com offer shopping recommendations, buying ad-
vice, and side by side price comparisons for various prod-
ucts. They search and index products from a large number

of merchant Web sites, and allow users to compare prices
from competing stores by collecting a substantial amount
of information from many autonomous sources on the \eb.
To provide high-quality services, they need to identify rele-
vant Web sources, retrieve information from pages of these
sources, and extract information from pages to populate
their databases.

Figure 1 shows the general architecture of such appli-
cations. The application service is powered by a backend
repository with data retrieved from some Web sources, in-
cluding “Deep Webs” whose information is hidden behind
search forms. The middle layer extracts, cleans, and stores
extracted information into local repositories.
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Figure 1. A Web-based repository architec-
ture.

One of the most significant obstacles of building an ef-
ficient repository is that remote Web sources are volatile:
new data are added; existing data are deleted or updated
frequently. Furthermore, most remote Web sources are not
collaborative in the sense that applications will not be noti-
fied for any change. As a consequence, applications have to
guery remote sources periodically in retrieving the latest in-
formation. Under such a setup, the local repository cannot
mirror the remote sources completely; hengaality met-
ricsare used to quantify the goodness of the local repository



with respective to remote sources. Our second contribution is a survival-arrival approach
for analyzing behaviors of individual objects in remote Web
1.1 Related Work sources (Sect_ion 3). T_he changes in the remote sources are
decomposed into two independent processes: arrival and re-
) ) ) moval. By analyzing both processes, we derive equations
Improving the quality of data from non-collaborative ¢, estimating future quality measures.
Web sources was extensively studied in the literature. The ;¢ third contribution is an adaptive framework to track
problem of quality assurance is viewed from yarious angles, ihe dynamism of the remote sources (Section 4). A time-
such as Web page importance [10] and topic based crawl-geries analysis is used to model decay properties of quality

ing [6, 12]. metrics, and the adaptivity of the framework allows us de-
From the perspective of quality assurance over time, tect to react to changes in remote sources automatically.
[7. 8, 20] studied the problem of how to crawl Web pages  our fourth contribution is an algorithm for partitioning
to maximize their quality in a local repository. [5] ex- gpjects based on attributes (Section 5). The motivation is
tended the techniques by incorporating the information of g jmprove quality prediction by partitioning objects into
user preference on Web pages. Their main quality metricsgroups of similar decay rates. The grouping information

are freshness (a boolean value indicating whether an objectcan also be used to improve the efficiency of resource allo-
is up to date) and age (elapsed time since last time an objectations.

was refreshed). Differently, our research focuses on struc-
tural data (objects) rather than Web pages or word frequen-
cies in text databases, and the main quality metrics used in
our study are precision and recall for a collection of objects.
In order to retrieve information more efficiently from
non-collaborate sources, it is of importance to detect remote . o )
changes or to model remote source dynamics. Some prior I this paper, each Web source is viewed as a collection
work focuses on using modeling [9] and sampling [11] to 01_‘ objects. Each obj_ect (e.g., a car) can hav_e multiple at-
detect changes on remote sources. A recent work [14] used'1Putes such as vehicle ID, make, model, price, etc. The
survival analysis to model content changes in text databases!0C2! repository stores the object information retrieved by
and [13] proposed to model insertions, deletions and up- either following links of Web pages, or posing queries on
dates of records directly in relational databases. [18] stud- S€arch forms for deep-Web sources [21]. The remote Web
ied the problem of poll scheduling to monitor the dynamism SOUrces have to be rt_a—crawled periodically due to their fre-
of Web pages through utility maximization. [15] proposeda duent changes over time. _ _ _
general methodology for characterizing the access patterns A critical issue in data managementis to assign a unique

of Web server requests using a time series analysis method ldentifier for each object. We can choose an attribute of the
object as a key attribute. For instance, vehicle ID for cars.

Many Web sources have a built-in identifier for objects in
the internal database. The identifier can be either explicitly
associated with the object on an HTML page, or implicitly

The ultimate goal of this paper is to develop a frame- embedded in the URL for the object. More advanced tech-
work for designing efficient repositories for Web applica- nigues, such as record linkage [16], could also be used.
tions. The central theme of our approach is to employ sta-  There are three possible events during the life-span of an
tistical methods to predict quality metrics. These prediction object: insertion deletion andupdate Note the occurrence
guantities can be used to answer questions related to apeof update events may depend on definition of the specific
plications, such as: How soon should the local repository application. For instance, when the price of car changes, it
be synchronized to have at le@st% precision with certain  can also be viewed as a deletion of the “old car” followed
confidence level? Suppose the local repository was syn-by an insertion of a “new car.” In this paper, update events
chronized three days ago, how many cars have been deletedrenotviewed to be a combination of deletion and insertion
at the remote source since then approximately? And so on. events.

There are four main contributions in this paper. First, an
empirical analysis is conducted on datasets f6dfiveb sites 2.2 Quality Metrics
in 4 different domains. Our empirical study shows the de-
cay properties of quality metrics at remote sources, and that  In the literature, several quality measures have been pro-
the decay rate varies from source to source, from categoryposed for individual objects, such as age and freshness [7].
to category, and from time to time. All these observations Additionally, two quality metrics of importance to describe
demonstrate the challenges in modeling Web dynamics.  the remote source as a whole @mecisionandrecall As

2 Objectsand Quality Metrics

2.1 Data Objects

1.2 Contributions
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The precision is the proportion of objects in the local reposi-
tory also exist at the remote source at tilm# is affected by
deletions but not by insertions at the remote source, and its
value decreases monotonically before the next synchroniza-
tion. The recall is the proportion of objects at the remote
source are in the local repository. It is affected by both in-
sertions and deletions at the remote source. Both precision
and recall can also be defined over a subset of objects, such
as “BMW cars made after 2002.”

Itis assumed in this paper that crawls can only take place
at some pre-fixed time grids (daily in our case). We also
ignore the duration for completing crawls. Our goal is to

minimize the number of crawls while ensure that the quality g the price and year attributes. For all the Web sources, we

metric of interest is above a certain threshold determined ygjied on the URL of each page to extract a unique identifier
by the application. It is possible to impose more resource of the corresponding object.

constraints on both remote sources or the local repository.
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Figure 3. Decay of quality metrics. The first
row: different Web sources; the second row:
different car makes (car Web source 1, syn-
chronization: Apr 28, 2006); the third row: dif-
ferent synchronization dates (car Web source
1).

Here, we wquld .Ii!<e to illustrate our main ideas under a Website (# categories)| Period (month) Fobjects
reasonably simplified setup. Car [Car Web source 1 (10)| 10 (2006/01 - 2006/12) 43,5971

Itis also important to note that the quality metrics above |car | car Web source 2 (10) 13 (2005/10 - 2006/11) 37,173
are actually defined with respect to a reference time.e., Book |Book Web source 1 (3) 3 (2005/08 - 2005/12) 3,349
the time of the last synchronization of the local repository. |Job |Job Web source 1 (2) | 3 (2006/12 - 2007/03) 2,959
We assume that the local repository is fully synchronized |Job |Job Web source 2 (7) | 4 (2006/06 - 2006/10) 31,223
each time, scL(t) = R(to) always. Forum| Forum Web source 1 (42 (2006/12 - 2007/02) 25,370

2.3 An Empirical Study Table 1. Overview: Web sources.

We have conducted a thorough empirical study on real  Figure 3 shows how the precision and recall decay over
data sets collected data on a daily basis ffoweb sites in time. Take the first row of Figure 3 as an example. Assume
4 domains: cars, job postings, books, and online forums. An the repository is synchronized on July 2, 2006 for car Web
overview of all data sources is summarized in Table 1. For source 1 and car Web source 2, and December 20, 2006 for
each source, its provided query interface is used to retrievejob Web source 1 (dag in the figure). The figure shows
data information. For instance, a typical query for the car the decay of quality metrics over time. Take the precision
domain is “Find Ford Focus cars.” For each car Web site, for car Web source 2 as an example: its precision dropped
we issued queries on 10 different car models. In order to getto about 80% after 10 days, and about 66% after 20 days.
as much data as possible, we did not specify any restrictionSimilar patterns are observed in other datasets as well. The



second row of Figures 3 shows quality decays of three caranalysis. Third, it is natural to incorporate attributes of ob-

makes. The quality metrics of Toyota cars decayed fasterjects (such as car make, etc) in the survival model to im-

than BMW. It is due to the different popularities of different prove the estimation accuracy.

car makes. The third row of Figure 3 shows the decay of

quality metrics of three different starting dates for the car 3.1 Arrival Analysis

dataset from car Web source 1. It shows that the recall de-

cayed the fastest for the synchronization date May 11, 2006, ~ This arrival analysis is to analyze the behavior of arrival

while the slowest for the synchronization date Jan 15, 2006.counts at remote sources. Figures 5 (the first row) show
In summary, our empirical study shows that quality met- the histograms of the daily arrival count for several Web

rics decay over time, and the decay rate varies from Web Sites. Given the shape of the histograms, Gamma distri-

site to Web site, from category to category, and from time butions are used to model the arrival counts. In the liter-

to time. An application needs to take all these facts into the ature, Gamma distributions have been used to model dif-

modeling of Web dynamics in order to determine a good ferent arrival counts, such as arrival traffic characteristics
synchronize schedule. in distributed or hierarchical Web caching architectures [1].

Its density function is

3 Modeling Object Behaviors F@ir ) = AR WY
b ) I\(}\) ) )

In this section we state a general framework for appli- WhereX > 0 is theshape parameter, ¢ > 0 is thescale pa-
cations to derive synchronization schedules. As illustrated rameter, andI’(-) is the Gamma function. The parameters
in Figure 4, the application crawls Web sources to collect can be estimated by the maximum likelihood method [19]
enough data, then analyzes the collected data to derive @ased on collected data. For our datasets, the fitted density
model for quality metrics. Based on the model derived, curves are shown against the histograms. The curves show a
the application can decide the least crawl frequency which good fit to raw arrivals, and justify the usage of the Gamma
achieves certain quality guarantee. The approach is static indistribution.

the sense that the derived model is not to be changed. Itis known that the expected value of a Gamma distribu-
tion, i.e., the expected arrival counts 8. Under the as-
[Legend: § synchronization] sumption that the daily arrival counts are independent, sum-

mation of Gamma'’s is still Gamma distributed. Hence, it is
straightforward to compute the distribution of arrival counts

I AAARRRRIER’ ¥ 4 fme

‘1. Collecting Data‘ 3. Scheduled synchronizations ‘ during some period by |00king upa Gamma table.
2. Analyzing the collected data to derive j
decay models and make schedules 3 2 Survival Analysis
Figure 4. Modeling quality decays statically. Survival analysis [17] is a statistical approach on studies

o _ _ of the failure events or death of patients. Its idea is to follow
Within this framework, we propose an arrival-survival objects over time, and study the pattern of failure events of

approach to model the behavioriotlividual objects at re- interest. In our study, an object can be viewed as a “patient,”
mote sources. The survival analysis has already been usegnd the removal event is a “death” event.

in database research community to model the information et 7 be the life span. Theurvival function S(t) =
lifetime [18, 14]. One of our contributions is the intro-  p(7" > ¢), is the probability that the life span of an object
duction of the arrival process: it completes the picture of js greater thart. Exponential and Weibull are the two of
the whole procedure, and enables us to derive estimation ofthe most widely used parametric survival functions. The

quality metrics. survival function of Weibull is
One important assumption of our approach is that the S(t) —(at)*
= e g s

arrival is independent of survival process. Such an assump-
tion greatly simplifies the modeling and prediction of qual- with exponential being a special cage= 1), i.e., Weibull
ity metrics. From a practical point of view, the dependence has two parameters while exponential has only one. Both
between arrival and survival is weak; hence, the indepen-survival functions are fitted with our datasets. The fitted
dence assumption serves as a reasonable approximation. curves are shown in Figures 5 against the empirical ones.
There are several advantages associated with this apThe Weibull is slightly better than exponential but the dif-
proach. First, understanding behaviors of individual objects ference is negligible. In other words, the exponential en-
can lead to insights into the application. Second, censoredjoys its simplicity without sacrificing noticeable prediction
information can be naturally incorporated into the survival power. So it is selected as the underlying survival function.
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Figure 5. Arrival/survival distributions.

Given observed data, the maximum likelihood estimate
of parametei is simply the inverse of the sample mean.

wherez(-) is the standard normal quantile function.

The estimated parameter can be then used to predict theRecall: Similarly, the recall metric at can be written as

number of objects in a future time.
3.3 Deriving Quality Metrics

Equipped with estimated arrival and survival models, we
can estimate the decay of quality metrics over time. Sup-
pose the local repository is synchronized at tipeBelow,
we will derive formula for both precision and recall under

[L(t) N R _ |L(to) N R(?)]
[R(1)| |R(?)]

recall(t) =

Note that both the denominator and numerator of the recall
metric depend on the uncertain quantityt). We propose

to obtain estimates for the denominator and numerator sep-
arately, then assemble them together. The estimate for the

the assumption that the arrival and survival processes argUmerator is already derived in (3). For the denominator, it

independent.

Precision: The precision in (1) can be rewritten as

L@ N RW] _ |L(t) 0 R(D)]
L) O

The denominatofL(t)| is known due to crawling, while
the numeratofL(to) N R(t)| is the number of remaining
objects at timg. We can estimate this quantity by its ex-
pected value:

precision(t)

E(|L(to) N R(t)]) = |L(to)| e~ @t—t0), 3)
So we have
prezi\sion(t) = M — g—a(t—to)

|L(to)|

This resultimplies that the survival function is equivalent to
precision over time. The confidence interval of the precision
with confidence probability: is then

e & Z<1+a>/2\/

e—&~(t—to)(1 _ e—d~(t—t0))
|L(to)] ’

is more complicated because the quantity is affected by both
the arrival and survival processes. ObjectsRift) consist

of 1) the objects existing &t: they decayed with a constant
rated; 2) daily arrivals betweeft, + 1,¢). Note that new
arrivals also decay with rate. In short, we have

t
E(RE) = Do)+ = 4 3" 3 #e=00-D,
i=to+1

where\d is the mean daily arrival given by the Gamma dis-
tribution. Together, we have

L(to)| % e~a(t—to)
E(|R()])

recall(t) = |

A confidence interval for the recall quantity can be obtained
by using the delta method [19].

4 Modeling System Adaptivity

The static framework presented in Section 3 is based on
an implicit assumption that the observed data can be well



generalized to the future. Such an assumption has its merthere is no synchronization betwegnand¢. Defined(t)
its in practice, but can be often violated under a dynamic be the decay rate of the metric over perjpe- 1, ¢):

Web environment. For instance, most e-commerce Web

sites have much more transactions during Christmas than d(t) = log(q(t — 1,1)).

off-seasons; thus, data from off-seasons might have little Th irical its show that th lit tric is of
predictive power for holiday seasons. Such local dynamism € empirical resu S show that the quality metric 1s o
is commonly seen. In order to overcome this issue, an adap—an equnentlal form; hence, the quality metric at time
tive framework, illustrated in Figure 6, is proposed to auto- q(to, t), is related to the accumulated decay through
matically adjust to the changes of remote sources. Time- ¢

series methods [4] are used as the underlying workhorse of q(to,t) = exp ( Z d(@)) i 4)
our proposed framework due to the natural time component i=to+1

in our problem. ) o
Notice the decay ratd(¢) is independent of the reference

datet,, SO we can impose a time series modeli¢t), then
4 v 4 4] ‘ i ime the above equation links the decay rate with the quality met-
\ j\, v ric of interest. It also implies that future quality metric can
? / 3 Bused on nowiy be predicted as long as estimateg/(f) are available.
2. Analyze the collected collected data, modify
data to derive an AR parameters in 1he AR ) . .
P menronsaton time T e e AR Modél. Itis of great importance to choose a good time

series model in practice even though any model can be used

within the general adaptive framework. In this paper, an

o ) ) autoregressive (AR) model [2, 3] is used for the decay rate
Our contributions in the framework are: 1) the intro- sequencel(¢). Note that the choice of the model is tightly

duction of the feedback step. During each synchronization coupled with the application, and should be selected on a

cycle, the parameters of the time series model are Updatecbase-by-case basis.

based on the new information observed through the crawl- Formally, given arorder parametek, an ARk) model

ing. An important aspect of the update is to strike a balance -3 pe written as

between the historic data and the newly observed informa-

tion; 2) the construction of the time series model. We stress k ,

that it is not straightforward to have a time series model on dt) = a+ Z Bid(t — 1) + e, ()

quality metrics. The difficulty comes from the fact that all =1

metrics are implicitly defined using the last synchronization \whereq, B;'s are coefficient parameters, ands are white
date as a reference. Our solution is to impose a time seriesoises with variance2. In other words, the quality decay
model over a closely related quantity, then link it with the rate att is a linear combination of the decay rates in the
quality metric of interest. last & periods plus a random error term under an(AR
Another significant difference between the static frame- model. The AR model is one of the most widely used time
work in Section 3 and the adaptive one is thatiagirect ~ series methods due to its simplicity, flexibility, and power.
modeling approach is used by the arrival-survival model, |t can be tailored to reflect various properties of the remote
while adirectapproach by the adaptive framework. In other sources. For instance, if weekly variation is observed, then
words, the quality metric is directly modelled by a time se- we can add &th order term3-d(t — 7), to capture such a
ries model in the adaptive framework, while it is just a by- weekly trend.
product of the modelling of individual objects in the arrival- The AR model actually contains a family of time series
survivalmodel. There are pro and cons associated with bothmodels. An important question in the AR analysis is to de-
approaches: a direct approach usually offers better predic-termine the order parametkrbased on the observed data.
tion power but lacks the insight into the process itself, while |t is called model identification [4] in statistics, and well
anindirect one generally has better insight but worse predic- established procedures exist to choéseased on the ob-

Figure 6. Modeling quality decays adaptively.

tion power due to the extra complication. served data. Below are some of model identification results
on our datasets: A@) model for the precision of car Web
4.1 Time Series Analysis source 1 dataset, and an &R for the precision of job Web

source 2 dataset.

Assume that crawls can only take place at pre-fixed time  Givenk and the collected data, the maximum likelihood
grids of the same width, such as one day. Suppose that thecan be applied to obtain parameter estirr@&te@i, 52). Our
local repository is synchronized at timg. Let ¢(to,t) be goal is to predict future decay rates. Suppose the local
the quality metric (either recall or precision) at timgiven repository is synchronized at time ; andtg (t_1 < to,



and no synchronization between them.) The crawled in- be formulated as:

formation att_; andt, enables us to interpolate the decay Al
ratesd(i) fort_; < i < ty. Thenthe estimation af(¢t) for a1 =080+ T, (6)
. . . . A(Oéo)
t > to with respective ta, can be obtained by recursively o .
applying the following system equation: By = Bo+ TN - A(O‘O)A(al - 0‘0)7 )
A(Bo)
k
d(t) = a+ Y Bid(t —1i),t > to. whereAl = I(a, 8) — I(é0, o), andA(a), A(j) are the
i=1 coefficients of the Taylor expansion of the functida, 5):

The estimated decay rates can be plugged in (4) to obtain [(«, 3) ~ (o, BO) + A(ép)(a — &) + A(Bo)(ﬂ - Bo)-
an estimate of the quality metrigt¢o,t). The confidence

interval of d(t) theng(to,t) can again be obtained by the [N practice, the learning rate parameter is set to be a small
delta method. numberr = 0.1 or 0.2 for a slow adaption. We also find

that the result is not very sensitive to this parameter.

4.2 Adaptive Autoregressive Model ) .
5 Object Partitioning

In this subsection, we present a novel adaptive approach
to evolve an AR model based on newly observed informa-

tion. By doing so, we expect the AR model will slowl - . . .
y g P y As our empirical results show, objects with different at-

adapt to the current dynamics of the remote sources. Fort butes d in diff i ds. It i to stud
simplicity, below we will use a special case of AR model rioutes decay In drerent speeas. ft prompis us to study
the problem of partitioning objects into sub-groups to im-

to present the major ideas of our approach. The same idea . ) . .
can be generalized to AR models of any orders. prove modeling accuracy. It is also possible to have differ-

Suppose the local repository is synchronizedsawith ent schedules for different groups of objects. Our proposed

A . . approach consists of two components: 1) quantifying the
parameteti, fo, then the model can be written as: goodness-of-fit of a partition scheme; 2) searching for good

partition schemes using a heuristic-based algorithm. Below,
we use arrival-survival analysis as an example to illustrate
the grouping approach with the exponential survival model.

Our discussions in the previous sections treat all objects
at the Web source as a single group with a single model.

d(t) = Go + Bod(t — 1) + &4, t > to.

Assume another synchronization occurs at time (no
crawls in between). Now we would like to take advantage
of the newly observed information to update the parame-
ter estimate. First, we can compute an estimate of the ac-
cumulated decays betweeg ¢; based on the information
available at time:

5.1 Goodness of Partitioning

Let G be a collection of objects. For simplicity, we con-
sider a scheme that partitiodsinto two groups:G 4 and
Gp. It can be generalized to more complicated groupings.

R b Usually, the grouping criteria is based on some auxiliary at-
l(éo, Po) = Z d(i). tributes. For example(7 4 is the set of Toyota cars, and
i=to+1 G g the set of all other cars. The goodness of the partition

scheme can be formulated as a hypothesis testing problem:
Alternatively, the true accumulated decay can be calculated N -
based on the crawled data at bathandt,: (e, 8). In Hy: partiionG vs. H,: partitionG 4 andG s,

general, these two numbers differ due to the dynamism at\yhere 17, F, are the null and alternative hypothesis re-
the source. If the gap is small, it implies the AR model spectively. The Pearsonig® statistic [19] is used to quan-
captures the dynamics of the remote sources well. On theyig, the goodness-of-fit of both hypotheses. The life-span is
other hand, if the gap is large, it indicates that the dynamics giscretized intd: time intervalsit,, .. ., t5,. The discretiza-

of the remote sources are varying quickly. tion makes sure that there are sufficient objects falling in

The idea is to adapt to such changes on the run. Moreeach interval. For a partition scheme, th&statistic is de-
specifically, the principle of the parameter-updating scheme fined as:

is: to update AR parameters such that the estimated decay is k (E; — 0;)?

pushed towards the observed olreorder to keep a balance T= Z 5 (8)
between the historic and the newly observed information, a i=1 !

learning rate parameter (0 < 7 < 1) is introduced to  where O; is the number of objects with their life-span
control the speed of adaptation. Our updating equations canwithin the range of;, and E; is the estimated number of



objects int; given by the fitted model based on the group- | Algorithm: PARTITION

ing scheme. This statistic is a measure of the difference be-| Input: Historically crawled data and partition number

tween the observed quality and the estimated quantity. The | Output: n partitions

smaller theT, the better the model. (1) Derive a fitted function for each category of objects;
Let T, andT, be Pearson’s statistics under the nulland | (@) m=2; _ _

alternative hypothesis, respectively. It can be shown that a | (3) Setof groups G = the entire collection;

finer partition scheme always performs better than a coarser (4) WHILE (m < )

. . . (5) Choose a grouf; in G as a candidate to partition
scheme with the cost of adding more parameters in the with the corresponding subgroups, andGiy;

model. In other wordsT, < T,. Hence, their difference, ©) Test the goodnesa T of partitioningG; to G and
AT, can be used to quantify the goodnesdif over Hy. G5 on the estimation accuracy on all the objects;
Itis known that @) IF the AT is within a predefined threshold, break
(8) Removed from G, and add~+;, andG;, to G;
AT =Ty — To ~ xi- © m=m+l;

The degree of freedom of the? distribution is1 because
one additional partition increases the number of parameters
by one under the exponential survival model. Their differ-

ence indicates the amount of improvement of a finer par- 2006 to October 2, 2006. We crawled car Web source 1
tition over a coarser one. |If the difference is large (e.g., every12 days and job Web source 2 evargays.

greater than a pre-defined threshold), we accept the finer  take Figure 8(a) as an example. The remote Web source
scheme; otherwise, we stay with the coarser scheme. Thgg crawled evenl2 days, and we predict the recall metric
probability of making a wrong decision is quantified by the 4t the end of each cycle. ThéR model is trained on the

Figure 7. Partition Algorithm.

x* distribution. data of40 days starting from April 25, 2006, and the result
L. . was tested for 80-day period from September 25, 2006 to
5.2 Partitioning Algorithm November 24, 2006. The learning rate for updating AR pa-

rameters is- = 0.2. In the plot, the recall curve of adaptive

Given the criterion defined in the previous subsection, a AR model is against the true curve and that of an AR model
good partitioning scheme is one which greatly reduces thewith static parameters. There is78% reduction (from
Pearson’s statistic. We propose a heuristic-based approach.136 to 0.030) in terms of sum of square error (SSE) for
to searching for such partitions based on the fitted resultsthe adaptive approach over the static one. The improvement
of survival analysis. For simplicity, we illustrate our results is significant in both relative and absolute scale. From these
on a single categorical attribute, and the same idea can beigures, we can see that the adaptive model yielded more
generalized to other cases as well. accurate estimates than its static counterpart.

As illustrated in Figure 7, the proposed algorithm works
in a top-down manner. A general clustering algorithm, such
ask-means, is used to find good clusters of categories with
similar decay rates. The hypothesis testing procedure is

then used to measure the goodness of the proposed parti- Often the _application W?”ts t_o makes sure that the qual—
tion scheme. If the scheme improves the quality estimation, ity of data in its local repository is greater than a predefined

we accept it, otherwise the algorithm stops. The sub—routineghoroe/smf)ld' Forte:;]ample, ?t any time vge Vtvr? nt ttc;] ha\ée a(tjle.?.St
is recursively called to make finer partitions. o ofcars at the remote source. Ln the other hand, 1t IS

not possible in most cases for the local repository to contin-
uously monitor the changes on the remote source because of

6.2 Resource Allocation

6 Experiments limited network resources. We develop a crawling strategy
based on our adaptive AR model and empirically verify the
6.1 Prediction: Adaptive vs Static improvement.

Our crawling strategy works as follows. Assume that we

Experiments are conducted to assess the adaptive modwant the quality of objects in the local repository to be at
els in reducing the estimation error of quality metrics. Some least a threshold. All we need to do is to predict the first
experiment results are shown in Figure 8. The training pe- time after which the quality of data become less thaRor
riod was April 25, 2006 for 40 days, and the test period example, iff = 0.9, and we know that the quality of data on
was September 25, 2006 to November 24, 2006 for car Webthe local repository becom@2 after three days, antl89
source 1. The training period for job Web source 2 was June after four days, then we can easily schedule the crawler to
6, 2006 (35 days), and the test period was from August 29, synchronize with the remote source every four days in order
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Figure 8. Adaptive versus static AR decay models for recall and precision.

to have the required quality. As a result, our main task is to
predict such a time using the adaptive &R model.

In order to estimate the goodness of a crawling policy in
the above setting, we use the following measure:

p=Qr/C,

whereQ is the average quality measured over a period of
time T, andC is the number of crawls on the local repos-
itory. Intuitively if a crawling policy gives us the greater
value ofp compared to another policy, then the former pol-
icy uses fewer synchronization, and has a larger perfor-
mance value.

Table 2 shows the comparison of two crawling poli-

% 0 3%

Precision (job Web source 2)

Make BMW  Ford Honda Dodge Toyota
Decay rate| -0.058 -0.058 -0.065 -0.069 -0.075
Step | Groups AT
1 | {BMW, Ford, Honda, Dodge, Toyo}a
2 {BMW, Ford, Honda,{Dodge, Toyota 61.34
3 | {BMW, Ford}, {Honda, Dodgg, {Toyota} 10.72
4 | {BMW, Ford}, {Hondg, {Dodge}, {Toyota} | 0.64

Table 3. Partition on car makes (car Web
source 2).

cies (static versus adaptive) for the Web sources we hav
crawled. The learning rate is = 0.2, and the training pe-

riod consisted o080 days. The results demonstrate the ad-
vantage of using the adaptive policy in resource allocation.

6.3 Partitioning

Table 3 shows the object partitioning result for cars
of five different makes from car Web source 2. The es-
timated decay rates of exponential survival functions is
shown first. In the first step, the algorithm partitions the
cars into(B, F, H, D) and(T') — the first letter is used to

Year 2000 2001 2002 2003 2004 2005 2006
Decay -0.073 -0.07 -0.068 -0.063 -0.058 -0.059 -0.059
Step| Groups AT

1 {2000, 2001, 2002, 2003, 2004, 2005, 2p06

2 {2000, 2001, 200R, {2003, 2004, 2005, 2006 | 25.0

3 {2000, 2001, 200p, {2003}, {2004, 2005, 200p | 4.6

4 {2000}, {2001,2002, {2003}, {2004,2005,200p| 0.9

Table 4. Partition on car years (car Web
source 1).

7 Conclusions

represent a make. A hypothesis testing shows the good-

ness testing statistid7 = 61.34. This large value shows
a large improvement of partitioning into such two groups.
Assuming the goodness threshold-is- 1.5, the partition-

In this paper we studied the problem of retrieving struc-
tural information from remote sources to build a local repos-
itory by modeling changes at remote sources. We conducted

ing scheme is then accepted. In step 2, the decay rates aran empirical study on real Web sites to gain valuable in-

partitioned into three clusters. Again, the partition is ac-
cepted, with the goodnegsT = 10.72. In the third step,
the proposed partition is:B, F'), (H), (D) and(T'). This
time, the goodness valu®T = 0.64, which is less than

r = 1.5, so the algorithm stops.

The algorithm is also applied to partition cars based on
the year attribute, and the results are shown in in Table 4.
All these experiments imply that the proposed automatic
partitioning algorithm worked well on the real datasets. The

sights about how dynamic Web objects are, and how the
changes affect the quality of the local repository. We pro-
posed a framework, in which we statistically model the be-
haviors of object insertions and deletions using an arrival
analysis and a survival analysis. The analyses help us un-
derstand these dynamics, and develop crawling strategies
to do synchronizations. We presented an approach based
on AR(k) time-series models to adaptively change crawling
frequencies in the presence of changes of object behaviors.

algorithm requires no human interactions, and can easily beWe also studied how to partition objects into groups with

applied to more complicated partitioning applications.

similar decay rates, and use the newly partitioned groups to



Training Test Improvement| Domain

Nov 4, 2005 Sept 23, 2006 - Oct 30, 2006 15.98% Recall, car Web source 2
Nov 1, 2005 Sept 23, 2006 - Oct 30, 2006 1.31% Precision, car Web source 2
April 25, 2006 | Sept 25, 2006 - Nov 14, 2006  9.93% Precision, car Web source |1
April 25, 2006 | Sept 25, 2006 - Nov 14, 2006 10.11% Recall, car Web source 1
June 27, 2006| Aug 25, 2006 - Oct 1, 2006 10.5% Recall, job Web source 2
June 27, 2006| Aug 25, 2006 - Oct 1, 2006 0.13% Precision, job Web source P

Table 2. Resource allocation for different Web sources (¢ = 0.9 and 7 = 0.2).

improve quality estimation. The benefits of the proposed [12] M. Diligenti, F. Coetzee, S. Lawrence, C. L. Giles,
technigues have been shown by our experiments on the real and M. Gori. Focused crawling using context graphs.
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