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Abstract

Several activities of Web-based architectures are man-
aged by algorithms that take runtime decisions on the ba-
sis of continuous information about the state of the internal
system resources. The problem is that in this extremely dy-
namic context the observed data points are characterized
by high variability, dispersion and noise at different time
scales to the extent that existing models cannot guarantee
accurate predictions at runtime. In this paper, we evaluate
the predictability of the internal resource state and point
out the necessity to filter the noise of raw data measures.
We then verify that more accurate prediction models are re-
quired which take into account the non stationary effects of
the data sets, the time series trends and the runtime con-
straints. To these purposes, we propose a new prediction
model, called trend-aware regression. It is specifically de-
signed to deal with on the fly and short-term forecast of time
series which originate from filtered data points belonging to
internal resources of Web system. The experiment evalua-
tion for different workload scenarios shows that the pro-
posed trend-aware regression model improves the predic-
tion accuracy with respect to popular algorithms based on
auto-regressive and linear models, while satisfying the com-
putational constraints of runtime prediction.

1 Introduction

The increasing complexity of Web-based systems re-
quires accurate models that can support management and
coordination activities of the internal components, where
several algorithms take decisions by getting continuous in-
formation about the state of the internal system resources.
This paper represents a step further in the direction of in-
vestigating and predicting the performance of internal re-
sources of Web-based architectures in a short-term horizon
which is crucial for taking several runtime decisions on load
and resource management (e.g., load balancing, load shar-
ing, admission control, job dispatching). We observe that

in the considered Web context any user click causes a large
number of arrivals at an open system. These arrivals ac-
tivate a possibly huge number of requests to the internal
hardware and software resources with unpredictable mutual
interactions and interdependency. As a consequence, it is
becoming impossible to understand, for example, where the
system load is and where the system is going from mon-
itored raw data, such as snapshots of the CPU utilization,
request arrivals, average number of queued processes.

We are interested to the models that can predict at run-
time the future state of system resources in a short-term
horizon that is sufficient to take more “conscious” manage-
ment decisions. We first analyze the predictability of some
typical performance indexes concerning the servers of Web-
based systems, and we show that existing predictive models
are not satisfactory because of limited accuracy or exces-
sive computational time. For this reason, we propose a new
prediction algorithm (Trend-Aware Regressionalgorithm or
TAR) that shows best precision for different scenarios and
stable results for a wide range of parameters.

There are several external and internal system factors
which make this problem interesting, difficult and not
deeply investigated.External factors are well known: the
traffic reaching Internet-based services is characterizedby
heavy-tailed distributions [3,8], bursty arrivals [13] and hot
spots [4] that are difficult to predict and manage because the
server side has no control on the client side.Internal factors
have received less attention. All opinions agree to indicate
that the complexity of the middleware and of the systems
for the support of Web-based applications is increasing, but
there is not yet an adequate characterization of the internal
load that is the focus of this paper.

On one hand, commitment to high availability and to
short-time services requires runtime models that are able
to evaluate and, when possible, predict the load conditions
of the system components. On the other hand, the observed
data points coming from system monitors are characterized
by high variability, dispersion and noise, to the extent that
existing models cannot guarantee an accurate time series
forecast at runtime. A first positive result of this paper is



that the raw data points of the considered resources are char-
acterized by a high frequency component (noise) that per-
turbs the measures and contributes to their unpredictability.
We reduce the noise component through a runtime smooth-
ing process that allows us to obtain a low frequency compo-
nent (filtered data) exhibiting some short-term dependency.
This process opens the possibility of predicting the state
of the internal resources in terms of filtered performance
indexes. Nevertheless, the most popular predictive mod-
els (e.g., Auto Regressive, ARIMA, Exponential Weighted
Moving Average, Linear Regression), when adopted at run-
time in an extremely dynamic context, show a limited preci-
sion or excessive delay even in a short-term horizon. Unlike
the existing models, the proposed TAR algorithm is able to
forecast on-the-fly the future resource state with a better ac-
curacy, because it considers for prediction both the filtered
data set and its behavioraltrend.

The rest of the paper is organized as follows. Section 2
discusses the motivations of this research and analyzes the
statistical characteristics of the raw data points coming from
system monitors. Section 3 selects the models that can be
adopted as runtime predictors and introduces the proposed
TAR algorithm. Section 4 evaluates the quality of the con-
sidered prediction models and their stability to differentpa-
rameters. Section 5 presents related work and compares
main contributions with the state of the art. Section 6 con-
cludes the paper with some final remarks.

2 Statistical analysis

Management and coordination of Web-based servers are
usually carried out through several algorithms that take on-
the-fly decisions on the basis of continuous information re-
lated to the state of the internal resource components. In
order to take adequate management decisions at runtime, it
is necessary to study new models and algorithms that are
able to deal with the state of the internal system resources
for evaluation and prediction purposes.

Any prediction is based on some historical information
that can be considered as a time series, that is, an ordered
collection ofn data,Si, beginning at timeti−n−1 and cov-
ering events up to a final timeti. Specifically, we have a
time seriesSi = (si−n−1, . . . , si), where thej-th element,
i − n − 1 ≤ j ≤ i, is a pairsj = (tj , vj). The first element
tj indicates its time of occurrence, whereas the second ele-
mentvj of the pair denotes the value of one variable of in-
terest. The elements ofSi are time ordered, that is,tj ≤ tx
for anyj < x.

An important premise is that no prediction model can
work if the analyzed time series does not exhibit some pre-
dictability factors. The data set has to show some tempo-
ral dependency, otherwise any prediction is infeasible. The
auto-correlation analysison the time series allows us to

show the presence or not of some time dependence and
to distinguish between the possibility of achieving long-
term or just short-term prediction. In [2], we have carried
out a large set of experiments in a multi-tier Web system.
All results gave the same clear message: independently
of the considered system resource (e.g., CPU, disk) and
type of server (e.g., http, application, back-end), the auto-
correlation functions of the data sets related to the internal
monitors decay steeply. In these conditions, it is impossible
for any prediction model to achieve some accurate results
even in a short-term horizon. Now, the main question is
whether some noise affects or not the observed data points.
To this purpose, we apply to the entire observed data set
an offline filter that returns a noiseless representation, and
we evaluate the noise perturbation as the difference between
offline filtered and observed values.

We consider an offline Kalman filter that takes as its in-
put the sequence of the observed data sets(ti, v̄i) and gives
a sequence ofs∗j = (tj , v

∗

j ) wherev∗j denotes the filtered
value, that is:











v∗i = v∗i−1 + Ki(v̄i − v∗i−1)

Ki = Pi−1

Pi−1+Re

Pi = (1 − Ki)Pi−1

(1)

whereRe is the variance of the noiseet that perturbs the
original signal values̄vi, Ki is the Kalman gain, andPi is
the covariance error [5]. We estimate the noise perturbation
δ as the mean value of theN residuals between the observed
valuesv̄i and the valuesv∗i that are generated by theoffline
filter:

δ =
1

N

∑ v∗i − v̄i

v∗i
(2)

The first line in Table 1 reports the results of the noise anal-
ysis for the utilization of three system resources of the ap-
plication and back-end server. A data set is considered to
be affected by a significant noise whenδ > 0.3, hence the
results in the first line of Table 1 confirm that a high noise
component perturbs all the observed data sets (δ ≫ 0.3).
We can conclude that, unlike external contexts character-
ized by predictable time series (e.g., [1, 4]), when we con-
sider the internal resources of Web system, no runtime pre-
diction model can forecast the future state by taking as its
input the observed data points. However, the presence of
noise is a positive result because it allows us to apply some
onlinefilters. For example, if we apply an online filter based
on moving average, then we get a filtered data set that be-
comes predictable: in the second line of Table 1 we report
the noises of the filtered data set that are well belowδ < 0.3.
The possibility of achieving a predictable time series is con-
firmed by the auto-correlation function of the filtered data
set that has a slow decay on a time scale of 150 seconds. As
in the context of Web systems, a temporal dependence in the



range of minutes is considered a valid basis for short-term
prediction [20], we expect that filtered data sets represent
a feasible way for prediction. The statistical analysis con-
cerned the CPU, disk and network of the application and
database servers but for space reasons hereafter we focus
on the CPU of the database server that is among the most
representative performance index of the system behavior for
the considered workloads.

Table 1. Noise analysis on resource utilization

Application server Database server
CPU Disk Net CPU Disk Net

raw data 0.78 0.36 0.65 0.98 1.37 0.87
filtered data 0.16 0.08 0.07 0.18 0.27 0.10

3 Prediction models

3.1 Requirements and algorithms

The choice of the most appropriate model depends on the
characteristics of the context. If we consider our focus on
runtime and short-term prediction, we are interested to the
following properties: theprediction accuracydenotes the
precision of the model in representing the future data set
points, including its capacity of self-adapting to load vari-
ations when conditions are unstable; theprediction delay
measures the time required by a predictor to follow signifi-
cant load variations; thecomputational costof the algorithm
implementing a prediction model is a driving factor for ac-
cepting it in a runtime prediction context.

The rationale behind these attributes is that we want an
accurate prediction, but we are also interested to the execu-
tion time required to obtain it. This feature is even more
critical in a short-term prediction context where the horizon
is represented by few minutes. In this paper, we consider
four popular classes of linear prediction models that can be
applied to runtime contexts.

• Exponential Weighted Moving Average
(EWMA), [14].

• Auto-Regressive Model (AR), [11].

• Auto-Regressive Integrated Moving Average Model
(ARIMA), [11].

• Linear Regression (LR), [4].

Other prediction models (e.g., genetic algorithms, neural
networks, Support Vector Machines and Fuzzy systems) are

intrinsically designed for off-line applications and medium-
long term predictions, and are rather inadequate to support
runtime decision systems [10] in highly variable contexts.

Indeed even the AR and ARIMA prediction models re-
quire a careful choice of the model parameters, that is typ-
ically based on the evaluation of the auto-correlation and
partial auto-correlation functions [6]. In this paper, we eval-
uate the parameters on the basis of the initial10% values of
the data set of the entire experiment.

3.2 Trend-Aware Regression model

The data points deriving from the monitored resources
of the Web systems are characterized by non stationary ef-
fects. In this context, existing prediction models satisfythe
computational constraint, but their prediction quality may
show some limits that we quantify in Section 4. Hence, it is
important to define a new prediction algorithm that is able
to limit the drawbacks of the existing models in the specific
context of internal resources of Web systems. We think that
the complexity of this novel scenario requires ameta-model
that can improve the prediction quality by gathering the best
properties from the other prediction algorithms and still sat-
isfying the computational constraints. An ideal prediction
model should combine the simplicity of the LR model, the
AR and ARIMA qualities of reproducing the stochastic pat-
tern of the data set and the EWMA ability of smoothing the
noises components. The idea is that a valid prediction algo-
rithm should not consider just the data points, but it should
also be able to estimate from the data set thetrend of the
load behavior. The load trend gives an additional informa-
tion that can be used to evaluate whether a resource load
is increasing, decreasing, oscillating or stabilizing. Wecan
define several models that can combine data set values and
load trend information for prediction purposes. In this pa-
per, we propose the Trend-Aware Regression (TAR) model,
that bases its predictions on the following steps.

All runtime prediction models at timeti work on the ba-
sis of an ordered set of past informationSi. A prediction
is the output of a generic function conditioned onSi, that
is, v̂i+k = g(Si) + ǫi in which g() captures the predictable
component,ǫi models the effects of the noise andk denotes
the number of steps in the future. The first choice for the
estimation of a future value of the time series concerns the
past values that the prediction model wants to consider. At
time ti, the TAR model defines thehistory vector, namely
Hi, as a subset of the data setSi that is associated with the
last valuesi = (ti, vi). The history vector containsm val-
ues that are selected with a constant frequencyq, from vi

backward tovi−(m−1)q. Here, we consider the more gen-
eral instance ofq > 1. The typical goal is to use these
past values to predict the value of the pointv̂i+k which
is positionedk steps ahead at timeti+k. The idea behind



the TAR model is not to use directly the past valuesvi−jq

(0 ≤ j ≤ m − 1), but the degree of variation between
each couple of consecutive pointssi−jq = (ti−jq , vi−jq)
andsi−(j+1)q = (ti−(j+1)q , vi−(j+1)q) for 0 ≤ j ≤ m− 2.
In particular, thedegree of variationai−jq is computed as
following:

ai−jq = γj

vi−jq − vi−(j+1)q

ti−jq − ti−(j+1)q
; 0 ≤ j ≤ m − 2 (3)

where

γj =
ti+k − ti

ti−jq − ti−(j+1)q
(4)

Theγj parameter represents thescaling factorwhich adapts
the degree of variation computed in the Cartesian space at
time ti with the degree of variation that will be utilized in
the spacek steps ahead. Figure 1 offers a geometric rep-
resentation of these phases of the TAR prediction model
when the history vector containsm = 4 values. These
points denote three segments(si−3q , si−2q), (si−2q, si−q)
and(si−q, si). We associate a degree of variation to each
segment, thus obtainingai−2q , ai−q andai. The absolute
value of thej-th degree of variation| ai−jq | represents the
intensity of the variation between two consecutive points
si−jq andsi−(j+1)q. The sign ofai−jq denotes the direc-
tion of the variation: a plus represents an increment of the
value between thesi−jq andsi−(j+1)q data points; a minus
denotes a decrease of the trend. The problem is now related

Figure 1. Variation trend and degrees of vari-
ation for m = 4 past values.

to how to combine the degrees of variation for future pre-
dictions. In other words, we want to evaluate the so called
variation trendāi for estimating the valuêvi+k of the point
ŝi+k = (ti+k, v̂i+k), as shown in the rightmost part of Fig-
ure 1. There are several possible alternatives, hence in this
paper we investigate one solution that gives satisfactory re-
sults. The variation trend is evaluated as the weighted linear
regression of them − 1 degrees of variation:

āi =

m−2
∑

j=0

pjai−jq;

m−2
∑

j=0

pj = 1 (5)

where the best choice of thepj coefficients opens another
space of alternatives that are outside the scope of this pa-
per. For reasons of space, we consider just an exponential
decrease of the weights as a function ofm, that gives more
importance to the more recent trend coefficients. Hence,
the trend-aware regression model for the estimation of the
future pointv̂i+k is obtained through the following linear
combination of the computed and available values:

v̂i+k = āi(ti+k − ti) + vi (6)

In the experiments, when not otherwise specified, we
have setq = 5 andm = 3. The sensitivity analysis shows
the stability of the TAR model to these parameters.

4 Prediction results

4.1 Experimental testbed

The experimental evaluation refers to a popular Web sys-
tem referring to a multi-tier architecture. It is based on the
implementation presented in [7], where the first node ex-
ecutes the HTTP server, the application server is deployed
through the Tomcat servlet container, and the back-end node
runs a MySQL database server. The workload follows the
TPC-W model, an industrial benchmarking for the perfor-
mance evaluation of dynamic Web systems [7]. Client re-
quests are generated through a set ofemulated browsers,
where each browser is implemented as a Java thread repro-
ducing an entire user session with the Web site. The exper-
iments last for 8000 seconds for the following three work-
loads.

Stable scenario: it describes a TPC-W workload in the
ideal case of a number of clients that does not change
during the experiment. (The shown results refer to 120
emulated browsers.)

Real scenario -light and heavy: they describe a realistic
Web workload where the pattern of active clients
changes according the profile presented in [4]. The
light andheavyworkloads are characterized by service
demands having low and high impact on system re-
sources, respectively. Moreover, this different impact
is also characterized by a higher variability of the re-
source measures in the context ofheavyworkloads.

All scenarios represent the typical Web workload that is
characterized by heavy-tailed distributions [3,8]. Moreover,
the two real scenarios include bursty arrivals [13] that con-
tribute to augment the request skew.

4.2 Quality of the prediction models

We analyze the quality of five runtime prediction models
(AR, ARIMA, EWMA, LR, TAR) that satisfy the computa-



tional requirement. Hence, in this section we are interested
to evaluate the precision in forecasting the future data val-
ues and the ability to react soon to the variations of the time
series. The best model should minimize both theprecision
error and thedelay. The precision error represents the dis-
tance between the ideal filtered data set and the predicted
values:

N
∑

i=1

|v̂i − v∗i |

N
∗ 100% (7)

whereN is the total number of predictions,̂vi is the pre-
dicted value andv∗i is the offline filtered data. The delay
denotes the lack of reactivity of a prediction model to detect
a change of a resource condition. We measure theaverage
delayas the average of the horizontal distances in intervals
of 30 lags between the observed data set and the predicted
data set values. The quality of a prediction algorithm de-
pends on the model characteristics but also on the nature of
the data sets. When not otherwise specified, we consider as
representative instances of a larger set of results a predic-
tion window corresponding tok = 30 lags, a noise index of
filtered data equal to0.1 and three workload scenarios (one
stable, two realistic).

Table 2 reports the precision errors for the considered
prediction models by distinguishing raw and filtered data. If
we limit the acceptability of a model when its precision er-
ror is below20%, the first remark from the results of this ta-
ble is that no model can work on raw data. As expected, this
occurs for any real scenario, and more surprisingly for the
stable workload too. For all scenarios, the ARIMA model
shows the best results when applied to raw data. Although
its precision error is never acceptable, this result confirms
the ability of the ARIMA model to follow even complex
patterns of the time series.

If we refer to the filtered data, the results of Table 2 con-
firm that all models are able to reduce the precision error.
This error is similar for all models (with the exception of the
LR algorithm) in the ideal case of a Stable scenario. When
the data set is characterized by a highly variable behavior,
such as in both real scenarios, the precision errors differ.

Table 2. Precision error ( k = 30 steps ahead)
AR ARIMA EWMA LR TAR

Stable scenario

Raw data 20.6% 20.1% 23.0% 45.5% 25.2%

Filtered 3.3% 2.9% 2.8% 4.4% 2.8%

Real scenario -light

Raw data 27.0% 23.4% 26.0% 43.8% 32.5%

Filtered 8.0% 9.0% 6.2% 12.1% 3.7%

Real scenario -heavy

Raw data 28.6% 25.0% 27.0% 45.8% 37.5%

Filtered 14.0% 12.0% 7.0% 12.1% 4.0%

The AR and ARIMA algorithms are the most affected mod-
els because they tend to reproduce the data set behavior.
However, when the variance of the time series values varies
over time, they would require a continuous evaluation and
update of their parameters. As this method is unfeasible at
runtime for short-term prediction, the consequence is a pre-
cision error two-three times higher than that characterizing
the TAR model. It is important to observe that in our ex-
periments this last algorithm has always demonstrated its
ability to limit the precision error to4%. Even the EWMA
model guarantees adequate precision, but we will see that it
is affected by a high delay.

Another important measure for evaluating the prediction
models is represented by theaverage delayin detecting load
state changes. Table 3 reports this delay for the considered

Table 3. Average delay ( lag)
Scenario AR ARIMA EWMA LR TAR

Stable 2 2 30 26 2

Real - light 5 3 34 25 2

Real - heavy 6 3 36 25 3

prediction models. These results indicate that AR, ARIMA
and TAR are the most responsive prediction models because
they are characterized by a delay of few lags. On the other
hand, the EWMA and LR models are affected by a high
delay. This is a consequence of the smoothing effects of
lower order prediction models that do not allow them to re-
act quickly enough to the changes of the data set pattern.
The delay effect is confirmed by the Figures 2 showing the
predicted result pattern with respect to the filtered data set.
These figures confirm from a qualitative point of view the
capacity of the TAR model to respond quickly to the varia-
tions of the data set. Figure 2(b) evaluates that the LR model
is affected by high delay and scarce precision. On the other
hand, the EWMA model is rather precise, but it follows the
pattern changes with a consistent delay that is evidenced by
the horizontal distances of the two curves. A delay error
of more than 30 lags when the prediction window is equal
to 30 lags shows that the EWMA model is inadequate for
short-term predictions. From all these results, we can con-
clude that in ideal conditions theprecision errorof the pre-
diction models is similar, while in realistic Web scenarios
the models show significant differences with a clear advan-
tage of the TAR model. In the next subsection we aim to
validate these results for different conditions.

4.3 Sensitivity analysis

All the previous results refer to a short-term prediction
with k = 30 steps ahead and a noise factor equal toδ =
0.1. In these conditions, the TAR algorithm shows the best
precision and minimum delay. However, it is important to
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Figure 2. Qualitative analysis of the delay
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Figure 3. Precision error as a function of the noise index ( δ)
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Figure 4. Precision error as a function of the prediction win dow ( k lags)

evaluate the stability of the TAR results for different values
of the noise index and for different prediction window sizes,
and its robustness with respect to its main parameters.

Figure 3 shows the precision errors as a function of dif-
ferent noise values of the filtered data sets. An expected
trait of all scenarios is the increase of the precision errors
as a consequence of a higher noise factor. In the ideal sta-
ble scenario, all prediction models (but the LR) achieve an
acceptable precision below 10% (Figure 3(a)). In the real
scenarios, whenδ ≥ 0.3, all precision errors exceed20%,

hence it is reasonable to consider the predicted results use-
less. The range of feasibility of the models of interest for
runtime management is forδ < 0.3. Figures 3(b) and 3(c)
show interesting differences among the prediction models:
the LR model is clearly unacceptable in a realistic context;
the AR and ARIMA models are characterized by close re-
sults, hence we could choose the former algorithm because
of its minor computational complexity; the TAR model out-
performs all the other predictors in the range of interest be-
cause it guarantees a precision error two-three times lower.



It is interesting that similar results are obtained for com-
pletely different workload scenarios.

Another important factor is the sensitivity of the results
to the temporal size of the prediction windowk. As we con-
sider short-term prediction, we focus on the [1, 120] interval
(in lags). Figure 4 reports the results for the stable and real
scenarios. In the ideal scenario, all prediction models are
valid and share similar behavior. In the more realistic sce-
narios, it is important that the precision error of the TAR
model does not exceed15% even fork = 120 lags. The
results of the LR model are unacceptable, and even the AR
and ARIMA models show a twofold precision error if com-
pared to the TAR error. We observe that all the previous
results are achieved for fixed values of the parameters of
the TAR algorithm. In a dynamic context, it is important
to measure the robustness of the TAR model by evaluating
its sensitivity to its main parameters, that is, the past values
(m − 1)q and the number of trend coefficientsm. For this
analysis, we consider the real scenario and heavy service
demand, and the filtered data set with noise indexδ = 0.1.
From the results in Figure 5 we can appreciate that the pre-
diction quality of the TAR model is preserved for a wide
range ofq andm values. This stability in a highly variable
context is an important feature because no other prediction
algorithm guarantees a similar robustness.
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parameters of the TAR model

5 Related work

Predictive algorithms would play a crucial role in man-
aging the resources of Web systems, but the majority of
prediction models is based on off-line analyses of user ac-
cesses and resource logs [4, 9, 15, 18, 21]. Many other pre-
diction models, such as genetic algorithms, support vector
machines and Fuzzy systems, are suitable to off-line ap-
plications and medium-long term predictions [10]. Some
models on short-term prediction for on-line decisions make
strong assumptions on the mathematical characteristics of
the workload. A feedback control prediction mechanism
that works well for mildly oscillating or stationary work-
loads is presented in [16], while different autoregressive
models for the predictability of the CPU load average are
presented in [11]. The authors in [19] explore the benefits
of the integration of non-linear corrective factors in a lin-
ear regression to predict FTP transfer times. Sang and Li
compute precise lower and upper bounds for the prediction
interval and error of network traffic, which is assumed to be
a Gaussian process [18]. All these assumptions do not hold
for the workloads characterizing the Web systems consid-
ered in this paper. This is a huge difference with respect to
previous work because when you move from ideal to realis-
tic workload conditions, all the previous prediction models
exhibit high precision errors. The proposed TAR predic-
tion algorithm works finely even in the typical conditions
of real workload scenarios that exhibit specific statistical
properties, such as heavy-tailed distributions [3, 8], bursty
arrivals [13], and hot spots [4].

Other results oriented to the short-term prediction in the
presence of non stationary workloads [12, 16] are mainly
focused on external factors (such as the arrival frequency)
which are turned into a measure of the future internal sys-
tem load. Forecasting the future resource state or future
resource demands exclusively from the offered load may
lead to wrong internal decisions, especially in Web systems
where each arrival may activate a high number of requests
to the internal hardware and software resources with un-
predictable mutual interactions and interdependencies. The
prediction of load demands to internal resources of Web
systems has not received much attention yet. Pacifici et
al. [17] apply filtering techniques to predict the CPU de-
mand of Web applications. The authors in [2] discuss the
effects of a typical Web workload on the system resources
and propose and compare different representations of the
resource load with the main purpose of detecting load state
changes. This paper has an innovative focus on the short-
term prediction of the internal resource state. To this pur-
pose, we apply an original trend-based prediction model to
a representation of the data points referring to the internal
resources.



6 Conclusions

The Web systems are expected to satisfy scalability,
availability, and short-time servicing requirements under
critical workload conditions. These external characteris-
tics together with the increasing complexity of the hard-
ware/software architectures make resource management
tasks really difficult because the decision algorithms can-
not know or predict from the observed data points whether
a resource is offloading or overloading. This paper repre-
sents a first contribution in the direction of investigatingand
predicting the performance of the internal resources of Web
architectures in a short-term horizon. We have shown that
observed data points do not allow any prediction, but an ad-
equate online filter can reduce noises and exhibit data sets
with some short-term dependency. However, some popular
models that could be used for runtime prediction achieve
unacceptable results even on filtered data set. For this rea-
son, we propose a new Trend-Aware Regression algorithm
that shows the best precision for different scenarios, and
stable results for a wide range of parameters and work-
loads. There are several exploitations of the proposed model
because short-term prediction is at the basis of most run-
time management decisions, such as load sharing, admis-
sion control, hot spot control, request redirection. From a
modeling point of view, the precision of the TAR model
can be even improved by some dynamic adaptation of its
parameters to the statistical variations of the observed data
points.
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