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Abstract. Modern web 2.0 applications have transformed the Internet
into an interactive, dynamic and alive information space. Personal we-
blogs, commercial web sites, news portals and social media applications
generate highly dynamic information streams which have to be propa-
gated to millions of users. This article focuses on the problem of esti-
mating the publication frequency of highly dynamic web resources. We
illustrate the importance of developing efficient online estimation tech-
niques for improving the refresh strategies of RSS feed aggregators like
Google Reader [8], Datasift [7] or Roses [11]. We study the temporal
publication characteristics of a large collection of real world RSS feeds
and we define and evaluate several online estimation methods in cohesion
with different refresh strategies. We show the benefit of using periodical
source publication patterns for change estimation and we highlight the
challenges imposed by the application context.

1 Introduction

Understanding how web resources evolve in time is important for conceiving
tools designed to ease the interaction between people and dynamic web content
published by online newspapers, commercial web sites, social networks and col-
laborative web sites like Wikipedia. Most of these information sources can only
be accessed via standard pull-based web protocols (HTTP) and estimating the
degree of information change during a given time period is crucial for developing
efficient refresh strategies.

Modern web sites, such as online newspapers or social media sites, publish
their stream of changes in form of light-weight RSS/Atom feeds for reducing
the communication cost between servers and clients. Technically speaking, an
RSS feed is a standard XML document containing a list of time-stamped text
descriptions including links to the corresponding web pages. The size of this list is
generally limited to a constant value, where the publication of a new item usually
removes the oldest one in the corresponding window. From the user’s point of
view, RSS documents are perceived as a stream of items pushed to their screen.
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However, when considering the underlying communication protocol, there is no
distinction between RSS feeds and other web resources. Both kinds of resources
have to be refreshed by using the standard pull-based HTTP protocol where
changes can only be detected by explicitely contacting the server.

As any web resource, RSS feeds evolve independently of their clients which
must take their refresh decisions by estimating the change frequencies [1, 17].
In this paper, we focus on the problem of estimating the change frequency of
dynamic web data. Our first goal is to improve the refresh strategies of RSS
aggregators, but other web data processing systems like web crawlers or web
data warehouses may as well benefit from the techniques presented in this article.
The main challenges we address are:
Rapidly changing publication behavior : Event-related feed sources like

topic based news feeds or social media feeds (Twitter) may suddenly change
their publication frequency related to a particular event (e.g. twitter hash-
tag). This data dynamics leads to the necessity of continually updating the
publication frequency estimation, using online estimation techniques.

Incomplete knowledge : Another challenge is the limited access bandwidth
due to standard web politeness policies and limited computing, network and
storage resources. Estimators then have to deal with incomplete knowledge
about the data change history, not knowing how often, how much and when
exactly a source produces new information items.

Irregular estimation intervals : In many web applications, data sources are
not refreshed in regular time intervals. The exact access moment is generally
decided by a refresh strategy, usually conceived to optimize certain quality
measures within a minimum cost. Irregular refresh periods also make the
estimation process more challenging.

Our main contributions are:
– an analysis of general characteristics with a focus on the temporal dimension

of real RSS feed sources using data collected over four weeks from more than
2500 RSS feeds,

– two online estimation methods that correspond to different RSS publication
activity models and

– an experimental evaluation of the online estimation methods in cohesion with
different refresh strategies and an analysis of their effectiveness on sources
with different publication behavior.

The rest of this paper is organized as follows. Section 2 gives a short survey
of related work on refresh strategies and parameter estimation for web data. In
section 3 we describe the problem and benefits of online change estimation in the
context of web data refresh strategies. Section 4 proposes two ways to model the
publication activity of a source and introduces some methods for updating these
publication models online. Section 5 analysis the temporal characteristics of two
collections of real RSS feed sources. Section 6 exposes the experimental results
obtained by evaluating the proposed online estimation methods in conjunction
with different refresh strategies. Conclusions and future work are presented in
section 7.
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2 Related Work

The problem of efficiently refreshing dynamic web information is largely studied
in the context of web pages [4–6, 12–14] and RSS feed [11, 16, 17]. The majority of
these strategies are based on the widely accepted assumption that web resources
follow a Poisson process [15] characterized by a change rate parameter λ(t) which
can be estimated by observing the change history of a web page.

Considering λ(t) = λ to be constant corresponds to a homogeneous (opposed
to non-homogeneous) Poisson process which represents a stateless and time-
independent random process where events occur with the same probability (rate)
λ at every time point. It has been shown that this model is appropriate for a time
granularity of at least one month [4–6]. On the other hand, for time granularities
shorter than a month, researchers have shown that the homogeneous Poisson
model is no longer suited [2, 9].

Offline refresh strategies [4, 5, 16, 17] assume that the change frequency of
web pages or posting rates of web streams is known a-priori. They usually use
average values measured beforehand or learnt during an initial learning phase
with access to a complete changing history. This assumption is sufficient for a
low frequency refresh activities where each web resource is refreshed rarely (like
in web search engines) and the update frequency can be averaged over long time
periods [4, 5, 16, 17].

Reference [6] presents several change (frequency) estimators for web pages,
assuming an incomplete change history with irregular refresh frequencies. They
show that a Web crawler could achieve 35% improvement in “freshness” simply
by adopting their estimator. However, their analysis is based on the hypothesis
that the date of the last change or the existence of a change on a web page are
known in advance for estimation.

Based on the previous observations, [16] uses a periodic (inhomogeneous)
Poisson model with a daily periodicity within a RSS feeds scenario. Similarly,
[12] presents an empirical study of two online refresh strategies that use a curve-
fitting over a generative model method and conservative bounds to dynamically
adjust refresh parameters.

In the context of information filtering (also referred to as publish/subscribe),
a user subscribes to the system to receive notifications whenever certain events of
interest take place (e.g., when a document that corresponds to a certain filtering
condition becomes available). In order to estimate the probability that a node
has published new information relevant to a user’s subscription, [18, 19] use time
series prediction techniques for approximate information filtering. Our work uses
a similar approach in a different context.

3 Refresh Strategies and Online Change Estimation

Large-scale web applications like web search engines, web archives, web data
warehouses, publish-subscribe systems and news aggregators have to collect in-
formation from a large number of dynamic web resources. In order to accomplish
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this task efficiently, these systems are generally based on refresh strategies for
deciding when to refresh each source in order to maximize one or several quality
criteria under limited resources.

Refresh decisions are based on appropriate source publication models for making
predictions. There exist various publication models. Content-independent mod-
els [6] estimate the probability that a source has changed at least once or n times
at some time instant t, whereas content-dependent models [12] might include some
heuristics for estimating the importance of change between two versions. We con-
sider in this article the case of a RSS aggregator node which is subscribed to a col-
lection of sources. Let t0 represent the last time instant when source s has been
refreshed by the aggregator. We define a divergence function Div(s, t, t0) estimat-
ing the total number of new items published by the source s in the time period
(t0, t]. Obviously the quality (preciseness) of this estimation is important for the
quality of the corresponding refresh strategy [4, 5].

A traditional way for estimating divergence is to define the behavior of a
source s as a stochastic (Poisson) process which can be characterized by time
dependent publication frequency variable λ(s, t) that measures the number of
items published by source s at time instant t. Divergence can then be defined as
an integral of publication frequency λ(s, t) over time:

Div(s, t, t0) =
∫ t

t0

λ(s, x)dx (1)

In practice, refresh strategies use a discrete time dimension, where time periods
are divided into time units of fixed size and divergence is defined by a sum of
divergence estimations for the intervals (see section 4).
Online and offline change estimation: The general refreshing process illus-
trated in figure 1 is accomplished by (1) the refresh strategy which uses the publi-
cation model for estimating the divergence and the next refreshing time moment of
each source and (2) the change estimator which generates andupdates the publica-
tion model. In an offline scenario the change estimator module does not exist. The
refresh strategy uses a precomputed publication model which is updated offline (in-
dependently of the refresh process). Online estimation interleaves both tasks and
each new observation (obtained by a refresh) is used immediately for updating the
publication model.
Why online change estimation is important: Keeping the estimated pub-
lication frequency of a source constant over a long period of time can represent
an important source of errors if the source publication activity changes in time.

Fig. 1. Online estimation
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This is illustrated in figure 2 showing the evolution of the real and the estimated
divergence of a source during a day. Figure 2 compares (for a given source) the
real divergence values (red curve) with the estimated values using a constant
publication frequency (offline estimated divergence as the green curve) and the
estimated values using an adaptive publication frequency (online estimated di-
vergence as the blue curve). In both curves, the source is refreshed in regular time
intervals which resets the divergence values to 0. The green estimated divergence
function presented in figure 2 increases with a constant slope because it is based
on a constant publication frequency (previously learnt in an offline manner and
not updated afterwards). Differently from this case, the blue estimated diver-
gence function in figure 2 is computed based on a publication frequency that
continuously adapts its value in time (online estimation), converging to a zero
publication frequency when the source does not publish anything and increasing
as the source starts publishing. The estimation obviously is better in average in
the second case.

Fig. 2. Real vs. estimated divergence

4 Online Change Estimation for RSS Feeds

Our approach for estimating the change rate of RSS feeds is strongly inspired
from standard results in time series analysis [3]. These techniques are used to
predict future time series values based on past observations and are usually
based on the hypothesis that both observations and predictions are done at
equally spaced time intervals. In our particular case, the observations are made
at the moment of a refresh, which is decided by the refresh strategy used by the
crawler [11]. This makes the prediction process less precise than in the case of
classical time series model usage.

We base our online estimation methods on observations of the number of
occurred changes, i.e. new items published by a feed. In the particular case of
working with RSS feeds, we could have chosen to use the specific RSS field
< pubDate > in order to find out exactly the publication date of each item.
Nevertheless, we prefer to ignore this attribute for two reasons. First, [10] reports
that this information (< pubDate >) is missing in about 20% of items. Second,
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ignoring this particular kind of metadata keeps our estimation methods generic
and adaptable for other kinds of data (e.g. web pages).

4.1 Single Variable Publication Model

Estimating Divergence: Our first publication model represents the publica-
tion frequency of a source s at time t by a single variable, λ(s, t). Let Tr represent
the time instant of the rth refresh of s and λr = λ(s, Tr) be the change rate of
source s estimated at time instant Tr. Then the divergence of s at time instant
T ∈ [Tr, Tr+1) can be simply estimated by the following formula:

Divest(s, T, Tr) = (T − Tr) · λr

Updating Frequency Estimation: Let xr+1 = Div(s, Tr+1, Tr) be the num-
ber of new items published since the last refresh at Tr and observed at Tr+1.
The newly estimated value of the publication frequency is obtained by single-
exponentially smoothing the new observation with the previous estimation:

λr+1 = α · xr+1

(Tr+1 − Tr)
+ (1 − α) · λr

This estimation method relies on all previous observations, with exponentially
decaying weights, parameter α ∈ [0, 1] representing the smoothing constant.

4.2 Periodic Publication Model

Our second estimation model of publication is based on the hypothesis of pe-
riodicity. In this case, the publication frequency of a source is described as a
periodic function with some (constant) period ΔT : λ(s, t) = λ(s, t + ΔT ).

We use a discrete representation of the publication frequency as a table P (s)
of n values, each corresponding to a time slot [ti, ti+1), i ∈ {0, ...n − 1}. Each
time slot is of constant size ti+1 − ti = ΔT /n. We will call P (s) the publication
model of s. Then λi(s, t) corresponds to the (i + 1)th value in P (s) where (t
mod ΔT ) ∈ [ti, ti+1) (i is the time slot covering t). In the following we denote by
λi the average publication rate of source s during time slot i. In our experiments
(section 6) we use a daily publication model where ΔT = 24 hours, n = 24 time
slots of 1 hour each.
Estimating Divergence: Let Tr represent the time instant of the rth refresh of
s and Pr(s) = {λr

i }, i ∈ {0, ...n− 1} be the publication model of s estimated at
time instant Tr. Then the expected divergence of s at time instant T ∈ [Tr, Tr+1)
can be estimated by the following formula where i corresponds to the time slot
containing Tr and there are k + 1 = (�T �− �Tr�) ·n/ΔT time slots "covered" by
the interval [Tr, T ) (the definitions are illustrated in figure 3):

Divest(s, T, Tr) =
∫ T

Tr

λr
j(s, t) dt =

= λr
i (ti+1 − Tr) + ΔT /n ·

i+k−1∑
j=i+1

λr
(j mod n) + λr

i+k(T − ti+k)
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Fig. 3. Periodic publication model

Updating Frequency Estimation: Suppose that the aggregator refreshed
some source s at some time moments Tr and Tr+1 that correspond to time
slots i and i + k. At Tr+1, the aggregator fetches xr+1 = Div(s, Tr+1, Tr)
new items published since the last refresh at Tr. The intuitive idea of the
model update is to distribute the last observed items xr+1 in the time interval
[Tr, Tr+1). This distribution is done proportionally to the expected divergence
Divest

r+1 = Divest(s, Tr+1, Tr) estimated using the values of λr
j that correspond

to the time interval [Tr, Tr+1). We compute λr+1
j as the newly predicted value

of λj that corresponds to time slot j as follows:

λr+1
j =

{
α · λr

j

Divest
r+1

· xr+1 + (1 − α) · λr
j if j ∈ {i, ...i + k}

λr
j otherwise

where α ∈ [0, 1] represents a smoothing parameter that is used to give more
or less weight to recent observations. This reestimation formula corresponds to
a maximum likelihood estimate of the publication frequencies λj based on the
observation xr+1 at iteration r + 1, smoothed with the estimates at previous
iteration r.

5 Dataset Description

In order to better understand the change estimation problem, we studied a col-
lection of real world RSS feeds focusing on their temporal dimension. We used
two different datasets: dataset 1 was obtained from crawling a list of feeds [10]
harvested from major RSS directories, portals and search engines (such as syn-
dic8.com, Google Reader, feedmil.com, completeRSS.com etc.) and dataset 2 was
acquired from a manually chosen list of RSS news feeds of different online newspa-
per websites, both French (such as Le Monde, Le Figaro, AFP) and international
(such as CNN, New York Times, Euro News). We selected 1658 RSS crawled feeds
from dataset 1 and 963 RSS news feeds from dataset 2 that had at least one posting
within the four-week period between 14 March - 10 April 2011.

Publication Activity: In figure 4 we show the distribution of feeds for various
activity classes defined by different posting rates for the two different datasets.
The distributions show that feeds with very slow publication activity are pre-
dominant, while roughly 20% of the feeds publish more than 10 items daily.



402 R. Horincar, B. Amann, and T. Artières

Fig. 4. Feeds per activity class

It has been shown in [10] that whereas the number of productive feeds is quite
small, they are the ones that produce most of the items: 17% of RSS/Atom feeds
produce 97% of the items.

Feed Periodicity: It is widely accepted that the past change represents a good
predictor of future change. This works well especially for those types of feeds that
have a foreseeable publication activity, for example, feeds that publish daily the
same number of items. In this sense, measurements on real data done in [16] show
that most of the daily posting rates of feed sources are stable, at least for their
dataset, within the 3-month period they used for their experiments. But there are
also feeds whose publication behavior vary in time, both in the number of daily
published items and in the shape of publication activity.

In order to detect changes in publication frequency, for each hour (time slot i)
of a day, we logged the number of items published by a feed and then computed
the mean μi and the standard deviation σi on the entire period. We consider
that a small coefficient of variation CV value is representative for periodic feed
sources.

CV =
1
24

23∑
i=0

σi

μi
where μi �= 0

When the mean values are close to zero, the coefficient of variation becomes sensi-
tive to small changes in the means and inappropriate for testing sources with a low
publication activity. Testing for CV ≤ 1, we discovered that periodic sources rep-
resent 20% of the sources in our datasets that publish more than 10 items per day
and 50% of the sources that publish more than 48 items per day. As an example,
in figures 5a and 5b we represented the average (pink bars) and the standard

(a) Periodic publication (b) Aperiodic publication

Fig. 5. Periodic and aperiodic publication behavior
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deviation (vertical lines) of the number of published items at different time slots,
one for each hour of the day, for a periodic and an aperiodic feed.

Publication Shape: We also studied the feed collection looking for different
"shapes" in the daily publication activity. The shape of a daily publication model
highly depends on what happens "behind the curtains" of each feed. Some feeds
may be generated by human activity, while others may be based on some auto-
matic publication process. We classified the feeds in three different categories,
as shown in figure 6: feeds that have peaks, usually generated by an automatic
publication robot, that have a uniform publication activity, such as in the case
of a news aggregator and those that exhibit waves, following the regular daily
schedule of a human activity. This classification has been obtained by using a
shape discovery heuristic that uses two thresholds, inferior and superior to the
average number of items published during an hour, to distinguish between hours
with insignificant, average or very high publication activity.

(a) Peaks (b) Uniform (c) Waves

Fig. 6. Publication shapes: peaks, uniform and waves

In figure 7 we show the distribution of feeds for various activity classes and
publication shapes for dataset 1 (similar results were obtained for dataset 2).
The distributions show that feeds with very slow publication activity tend to
publish more with peaks, the uniform pattern is very much present in feeds with
very high publication activity while the wave shape appears in feeds with low,
medium and high publication frequencies.

Fig. 7. Feeds per publication shape and activity class - dataset 1
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6 Experimental Evaluation

In this section, we evaluate the performance of our online estimation methods in
cohesion with different refresh strategies based on real RSS feeds data collected
during a four-week period (see section 5).

Setup: We focused our interest on feeds with a relatively high publication activ-
ity. For our experiments, we selected (using the shape discovery heuristic) three
subsets of 10 feed sources each, representative for the three publication shapes,
having a publishing activity of at least 10 items per day.

We emulated the source publication activity by constructing a cycle-based
environment, where a cycle corresponds to a time unit of duration 10 minutes.
Furthermore, we worked with a normalized source publication, i.e. instead of
publishing x items during a time slot, we consider that a source publishes x/N
items, where N represents the total number of items published by the source
during that entire day. Working this way, we focused ourselves on estimating the
shape of a source publication activity and we avoided the influence of any strong
fluctuation in terms of total number of items published daily.

Choosing the optimal value of the smoothing parameter α depends on the
type of the source, on the refresh frequency and on the level of convergence of
the source publication model. In each case, we chose an experimentally found
value of α such that it minimizes the divergence errors, usually using values in
the interval [0.01 − 0.2].

6.1 Online Estimation Evaluation

In order to evaluate the online estimation techniques presented in section 4, we
applied an uniformly distributed random refresh strategy, in which the refreshes
are done at irregular intervals of time that are uniformly distributed around
a fixed average value. For example, when we say that a source is refreshed on
average every 1 hour, that means that it can be refreshed within the interval 10
minutes - 2 hours. We put all sources in the same initial conditions, initializing
their publication models at 0 and started the evaluation after an initial warm
up period.

Robustness of the Periodic Publication Estimation: In order to test the
robustness of our periodic publication estimation, how it acts to sudden changes
in the publication behavior of the sources and how it is influenced by the re-
fresh frequency used by the strategy, we created an artificial source. We concate-
nated publication activities from three sources with different types of publication
shapes: 16 weeks of uniform, followed by 16 weeks of peaks and followed by 16
weeks of waves.

Experiments were done using the uniformly distributed random strategy that
refreshed the source every 1 hour and every 24 hours on average. We logged the
estimated daily publication models at the end of each week. We also defined
the "real" daily publication model as an average done on the 7 days of source
publication activity previous to the measurement moment. In figure 8 we present
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(a) After 16 weeks: Uni-
form

(b) After 32 weeks: Peaks (c) After 48 weeks: Waves

Fig. 8. Daily publication model: real vs. estimated model

in detail the real and estimated daily publication models of the artificial source
just before each change in the publication behavior, i.e. at the end of 16th,
32nd and 48th week (time moments circled and marked with vertical blue lines
in figure 9). Furthermore, we compute the 24-dimensional Euclidean (2-norm)
distance between the real and the estimated daily publication models after each
week and present it in figure 9.

Experiments shown in figures 8 and 9 prove the bad influence a small refresh
frequency can have on the quality of the estimation process. Convergence speed
of the publication estimations are shown in figure 9: while the estimated daily
publication model obtained with a refresh done every 1 hour on average converges
rapidly towards the real model, the estimated model obtained with a refresh done
every 24 hours oscillates and diverges in time.

Fig. 9. Distance between real and estimated periodic model

Online Estimation Quality: At each cycle t, we computed the root mean
squared error of the estimated divergence (defined in section 3) for all sources
si ∈ S, separately for the periodic and for the single variable publication model,
as follows:

divErr =
√

1
|S| ·

∑
si∈S

(Div(si, t, t0)real − Div(si, t, t0)est)2 (2)



406 R. Horincar, B. Amann, and T. Artières

Results are presented in figure 10, separately for the three types of sources with
different publication shapes: peaks, uniform and waves. Each point represents
the average of the root mean squared divergence errors computed during the
simulation, that were obtained for different refresh frequencies. The values used
for the refresh frequencies are shown in hours and they range from a refresh done
every 30 minutes to every 24 hours on average.

(a) Peaks (b) Uniform (c) Waves

Fig. 10. Divergence error

Experiments show clearly that in the case of waves, the periodic estimation
obtains better results than the single variable one in terms of minimal divergence
error. Since it is more precise, it estimates better the wavy source publication
behavior, no matter how often the sources are refreshed and thus, how often
the publication model is updated. In the case of peaks, the difference between
the two publication estimations is less striking. When the sources are refreshed
often and therefore the learnt periodic publication model is precise, the periodic
estimation obtains smaller divergence errors. As the sources are refreshed less
frequently, the single variable estimation becomes as good as the periodic one;
this happens for two reasons: first, the periodic model becomes less accurate
and thus it diminishes its performance and second, our feed sources exhibit their
peaks at very regular intervals, e.g. every 4 hours, as shown in figure 6a, and this
advantages the single variable publication model for refresh frequencies larger
than the average interval in between peaks. As for the uniform sources, both
single and periodic publication estimations perform similarly, with the observa-
tion that the single variable publication model should be preferred because it
is much more simple to use and update. The feeds concerned by this case, that
publish in a uniform manner, represent 57% of the feeds with high publication
rate (more than 1 item published per hour), as we observed on our real feeds
datasets (section 5).

6.2 Integration of Online Estimation with 2Steps Refresh Strategy

We also integrated and tested the cohesion between our online estimation tech-
niques with the optimal 2steps refresh strategy introduced in [11], whose efficient
results highly depend on the quality of the used publication models.

In order to better understand the following, we briefly introduce some further
notions. A RSS feed is represented by a limited number of items available at some



Online Change Estimation Models for Dynamic Web Resources 407

time instant, called a publication window of size Ws. We call a source saturated
if the total number of new items published since its last refresh time reaches the
capacity of the publication window Ws. After the saturation point, if the source
is still not refreshed, the aggregator node starts to lose items, since the arrival
of new items will replace items that have not been read yet by the aggregator.

It is important to mention that we ignored the saturation problem when
updating the publication models, but for the evaluation of the 2steps refresh
strategy we considered that sources have a publication window of Ws = 20
items. We chose to do that in order to help the online estimation by giving it
unbiased information as input, but one must be aware that saturation can not
be avoided in real world RSS feed aggregation systems.

As before, we evaluate the online estimation quality by measuring the diver-
gence error (equation 2). The results obtained for the sources having different
publication shapes are similar with those obtained when testing with the uni-
formly distributed refresh strategy (see figure 10).

Furthermore, we test the effectiveness of the 2steps refresh strategy in terms of
feed completeness and window freshness (quality measures defined in [11]), in the
cases where the strategy uses offline information on the publication model of the
sources and publication models estimated with the online estimation techniques
presented here (periodic and single variable publication estimation). The results
obtained for the feed completeness and window freshness are presented in figures
11 and 12.

(a) Peaks (b) Uniform (c) Waves

Fig. 11. Feed Completeness

(a) Peaks (b) Uniform (c) Waves

Fig. 12. Window Freshness
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When sources are refreshed very frequently (big bandwidth), both periodic
and single variable publication estimation give very good results in terms of feed
completeness and window freshness, no matter the source publication shapes.
Frequent refreshes alone assure high scores for quality measures and besides
that, good convergence for both periodic and single variable publication mod-
els. In the case of peaks, when the aggregator refreshes rarely, sources become
saturated very often and the 2steps strategy focuses itself on refreshing those
saturated ones. Predicting when a source publishes Ws = 20 items in the case of
sources with regular peaks works well both with the periodic and the single vari-
able publication model, because in this case the precision offered by the periodic
model (that knows exactly at which point in time each item was published) is
useless. All these make that both periodic and single variable publication esti-
mation give similar results in terms of feed completeness and window freshness
for the peaks in case of rare refreshes. When sources are refreshed more often
and there are less saturated sources, periodic publication estimation give better
results. In the case of wavy publication behavior, periodic estimation outper-
forms the single variable one because of the information accuracy it provides,
no matter how often the sources are refreshed. In this case it is the most clear
how the preciseness of the information on which a refresh strategy is based in-
fluences its performances. For the uniform sources, the same conclusion as for
the uniformly distributed random strategy holds. Because results are similar and
especially because the single variable publication model is far more easy to use
and update, this last one should be used.

6.3 Discussion

Experimental results illustrate the high cohesion between the correctness of the
decisions made by a refresh strategy and the publication model used together
with the quality of the estimation process. It has been shown that the refresh
frequency used by the strategy has an important influence on the quality of
the estimation process. Furthermore, saturation has a highly negative impact: if
refreshes are not done often enough and items are lost, the estimation process
uses inaccurate data for updating the model. In this case, a possible solution is
the separation of the estimation from the refresh process of the crawling module,
thus separating the bandwidth resources needed for the two processes.

When the refresh strategy has strong constraints in terms of bandwidth usage,
online estimation does not represent a reliable solution. One alternative solution
is then to allocate separate bandwidth for learning a publication profile (offline
scenario) and then to use the precomputed model to refresh the sources, without
updating it. This gives good results for feeds (or queries on feeds) that do not
change their publication behavior in time, but it is not advisable to be used for
specific queries that are very dynamic. Moreover, several such learning periods
may be repeated to update periodically the source publication profiles. Since
a refresh strategy is based on a publication model and the estimation of the
publication model depends on the bandwidth allocated by the refresh strategy,
finding the optimal balance between the two represents a challenge.
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7 Conclusion

In this paper we have investigated problems related to an RSS aggregator that re-
trieves information from multiple RSS feed sources automatically. In particular,
we have proposed and studied two online estimation methods that correspond
to two different models of the source publication activity. We tested the online
estimation methods in cohesion with different refresh strategies. We compared
these methods for different publication activity shapes and we highlighted the
challenges imposed by the application context. In addition, we studied the char-
acteristics of real world RSS feeds datasets focusing on the temporal dimension.

We consider several directions for future work. First, we plan to add other
learning components for estimating the total number of items published during
a day. Also, we want to integrate an algorithm that adjusts dynamically the
value of the smoothing parameter α to the optimal value that assures minimal
estimation errors. Finally, for reducing estimation cost, we intend to introduce
clustering techniques for grouping source feeds with similar publication activities.
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