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Abstract

E-businessworkloads are quite complex as demonstrated by the hierarchical work-
load characterization discussedhere. While these features may pose challengesto
performancemodel builders, it is possibleto usequeuing network modelsthat closely
track the performancemetric trends to designand build dynamic QoS cortrollers as
explained in this paper.

1 Intro duction

E-businesshas added a new dimensionto the Web by allowing consumersand businesses
to interact and carry on commercial transactions over the Internet. These interactions
give rise to workload patterns that are unique to theseapplications and bring their own
challengesto the peopleinvolved in managingthe performanceand planning the capacity
of the IT infrastructures that support e-businessites.

This paper summarizesthe results obtained by the author in characterizing the work-
load of e-businessesAs shavn here,theseworkloadshave interestingand complexfeatures,
which posechallengesto performanceanalysts. One of the goalsof performancerelated
studiesof Web sitesis to improve QoSlevelsby someform of cortrol (see[2]). We presert
here a technique that usesqueuing models of an e-commercesite to dynamically cortrol
their QoSlewels.

2 Understanding E-Business W orkloads

Understanding the nature and characteristics of e-businessvorkloadsis a crucial step to
improve the quality of serviceoléred to customersin electronic businessernvironmerts.
Howe\er, the variety and complexity of the interactions betweencustomersand sites make
the characterization of e-businessvorkloads a challenging problem.

E-businessworkloads are composedof sessions.A sessionis a sequenceof requestsof
dilérent typesmadeby a single customerduring a singlevisit to a site. During a session,
a customerrequeststhe execution of various e-businesdunctions sud as browse, seara,



select, add to the shopping cart, register, and pay. A requestto executean e-business
function may generatemany HTTP requeststo the site. For example,se\eral imagesmay
have to be retrieved to display the pagethat cornains the results of the execution of an
e-businesdunction.

A hierarchical approad to understandinge-businessvorkloadswas usedin [6]. There,
the analysiswas done in three layers: sessionlayer, function layer, and HTTP request
layer. This study examinedlogs of actual e-commercesites—anonline bookstore and an
auction site—and obtained se\eral interesting results that we summarizehere.

2.1 Session Layer Characterization

One of the findings is related to sessionduration. A de facto industry-standard has been
that thirt y minutes (i.e., 1,800sec)shouldbe usedto delimit sessionsin other words, after
thirt y minutes of inactivity by a user,the sessiorcan be declaredto be terminated and any
resourcesassaiated with the sessiomrmay be released.Analysis of the data shaved that if
one variesthe sessionduration threshold and plot the number of active sessionsnitiated
vs. time, onefinds that for thresholdslarger than 1,000sec,the number of active sessions
variesvery little for dilérent threshold values,which indicatesthat most sessiondast less
than 1,000sec.

Another finding of [6] is that if we measurethe sessionlength by the number of e-
businessfunctions requestedby a customer,we seethat i) a large majority of the sessions
(88%) have lessthan ten requestsand ii) the sessionlength is heavy tailed, especially for
sites subject to requestsgeneratedby robots [1].

2.2 Function Layer Characterization

Functions were divided in [6] into four categories: static, product selection, purchase,
and other. Static functions comprisethe home and informational pagesabout the store.
Product selectionincludesall functions that allow a customerto find and verify a product
they are looking for: browse, seart, and view. Purchasefunctions indicate a desireto
buy, either by selectinga product for later acquisition (e.g., add to cart) or by ordering it
(e.g., pay). Oneinteresting invariant in the logsanalyzedin [6], is that more than 70% of
the functions performedare product selectionfunctions.

The work in [6] also performed a multi-scale time analysis of the workload. It was
obsened that very frequernt e-businessfunctions (e.g., seart at the bookstore) have a
pattern similar to the HTTP requestprocessat multiple time scales. The sameis not
true for lessfrequert functions sud as pay, which shawv clear bursts and a very dilérent
behavior from the HTTP requestprocess.

A very interesting result of [6] is that Zipf’'s law[10] seemsto hold for the terms used
in seart functions. In other words, the popularity of seart terms and their rank follows
a Zipf’'s Law over an extremely wide range of popularity.

2.3 Request Layer Characterization

This level examinesthe workload as a sequenceof HTTP requestsand studiesthe char-
acteristics of the arrival processat seeral time scales. It was found in [6] that there is a
very strong correlation in the arrival processat the requestlevel. This correlation is given
by a Hurst parametervalue of 0.9273
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Figure 1. Architecture of the QoScortroller.

3 Controlling E-commerce Sites

The complexnature of E-businessworkloadsasdescriked in the previoussection,the com-
plexity of the multi-layer architectures of the IT infrastructures that support E-Business
sites, and the short-term fluctuations of the workload pose se\eral challengesto perfor-
mancemanagemeh and modeling. Many may questionif queuingbasedmodels[3, 5] can
be safely usedto addressperformanceissuesin E-businesservironmens. We have been
investigating the useof thesemodelsin the designand implemertation of dynamic Quality
of Service(QoS) cortrollers for e-commercesites[4].

Our approad can be summarizedin Figure 1, which shows the architecture of a QoS
cortroller and its relationship to an e-commercesite. The main modules of the cortroller
are the Workload Monitor, PerformanceMonitor, Configuration Controller, Performance
Model Solwer, and the QoS Monitor. The Workload Monitor collects information about
the workload intensity levels obsened in previous intervals. The Performance Monitor
collectsthe utilization of various resourcege.g., processorsand disks) neededto compute
servicedemand parametersfor a queuing network model for the site. The Configuration
Controller usesan optimization technigque basedon a hill-climbing method guided by a
gueuing network model of the site to determine the best valuesfor various configuration
parametersfor the site. Examplesof configuration parametersinclude but are not limited
to maximum number of connectionsper sener, number of threads per sener, and load-
balancer parameters. The Performance Model Solver usesa queuing model of the site
with the workload intensity parametersobtained from the Workload Monitor and service
demandparametersobtained by the PerformanceMonitor to provide valuesof QoSmetrics
to the Configuration Cortroller.

The eldiency of this approad was validated in practice in an e-commercesite built
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Figure 2: QoS ValuesWith and Without Control.

accordingto the Transaction ProcessingCouncil (TPC) speci cations for its e-commerce
bendimark TPC-W [9]. We ran many experimerts in which the workload was increased
to high valuesand obsened the QoSlevel deliveredby the site with the corntroller enabled
and disabled.

We de ne a QoSfunction that combinesthe normalizeddeviations of the responsetime
( QoSR), throughput ( QoSX,), and probability of rejection ( Q0SPy;), respectively,
with respect to the desiredQoS goalsas

QoS=wgr  QOSR+wyx  QOSXg+Wp  QOSP; (1)

where wr; Wy ; and wp are weights assignedby site managemenh to eatc QoS deviation.
Theseweights must sumto one and re ect the importance given by managemento eath
QoS metric.

Figure 2 shaws that at the beginning, when the arrival rate is in its increasingphase,
there is virtually no di erence in the QoS levels betweenthe cortrolled and uncortrolled
systems. As the arrival rate readesits peak value, the QoS value of the uncortrolled
systemstarts to decreaseand erners negatiwve territory, indicating violation of oneor more
of the QoSlevels. The QoSfor the cortrolled systemmanageso stay positive throughout
the entire experimert.

4 Concluding Remarks

Despitethe complexity of the workload of e-businessites,onecan make useof approximate
gueuingmodelsto dynamically changethe parametersof the various componerts of an e-
commercesite to cortinuously improve its QoSlevels. Evenin the absenceof exactqueuing



