A metric for predicting
the performance of

an application under

a growing workload

A new software metric, designed to predict the
likelihood that the system will fail to meet its
performance goals when the workload is scaled,
is introduced. Known as the PNL (Performance
Nonscalability Likelihood) metric, it is applied to a
study of a large industrial system, and used to
predict at what workloads bottlenecks are likely
to appear when the presented workload is
significantly increased. This allows for intelligent
planning in order to minimize disruption of
acceptable performance for customers. The case
study also outlines our performance testing
approach and presents the major steps required
to identify current production usage and to
assess the software performance under current
and future workloads.

n this paper we introduce a new metric, the Per-

formance Nonscalability Likelihood (PNL) met-
ric, intended to be used to predict whether a soft-
ware system is likely to encounter performance
problems when the workload is significantly in-
creased. Here we use the term scalability to refer to
a software system’s ability to handle such increased
workloads. We also include a case study using a newly
developed software system for a large customer care
service provider. In the case study, we describe our
approach to the performance testing of the customer
care database system, and also the workload char-
acterization, the test design, the performance mea-
surement results, and our recommendations for per-
formance improvement. We also describe the
computation of the PNL metric for this system to show
the utility of making predictions of this sort, and to
demonstrate how to collect and analyze the neces-

IBM SYSTEMS JOURNAL, VOL 41, NO 1, 2002

0018-8670/02/$5.00 © 2002 IBM

by E. J. Weyuker
A. Avritzer

sary data for a system of this magnitude and com-
plexity.

Our personal experience is that most performance
testing efforts create the test load without having
done a careful workload characterization in the pro-
duction environment. It is true that collecting the
necessary data and doing the analysis are often dif-
ficult and costly, but we have found that the use of
field-collected data is an extremely valuable asset that
has allowed us to accurately predict the behavior of
the system under varying workloads, and thereby al-
lowed us to plan for, and prepare for, likely bottle-
necks that might have catastrophic consequences
were they to occur in the field. Even for new systems,
such as the one we describe in our case study, we
have found that it is often feasible to collect the data
necessary to describe the production workload. This
might happen because the input to the system un-
der examination is the output of some already ex-
isting software system or device. Therefore, even
though the software system being assessed is new,
the workload that is being characterized is not. For
example, we were involved in doing load testing for
anew system that was to be used to issue alarms when
certain combinations of events occurred at a hard-
ware switch. Prior to the implementation of this sys-
tem, the assessment of the switch outputs and the
determination of the appropriate actions had been
manually accomplished. Nonetheless, the switches
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had been issuing messages for many years, and a
careful analysis of these messages led to an accurate
characterization of the new system’s expected work-
load.

Another reason why the workload of a newly built
software system might be available is that its input
space is the same as that of another existing system.
Thus, for example, a company’s customer base is
likely to exist for billing purposes, including data de-
scribing customers’ usage habits. A new software sys-
tem may then be built to make targeted offerings of
new goods or services based on data derived from
the existing database information, or a new fraud-
detection system might rely on an analysis of this
data. In either case, the inputs to the new system
would be the same as those for an existing system
and therefore could be collected and analyzed.

Still, there are situations under which it is not pos-
sible to collect this type of data, in which case the
approach we discuss will not be usable in that envi-
ronment. A new system being deployed in produc-
tion may not have a target system from which to col-
lect production data. Even when production systems
exist, they may be very difficult to instrument for data
collection. Other possible reasons are the complex-
ity of the system under test and the lack of person-
nel trained in performance testing and data collec-
tion techniques, or a belief that such efforts are too
expensive or are unnecessary. In addition, the same
data can be used to prioritize fault removal efforts
and also as the basis for determining when to stop
testing. A central conclusion of this work is that col-
lecting the types of workload data that was neces-
sary for our approach is often feasible, and when it
can be done, it is well worth the necessary resources.

For this project, we used field data collection to char-
acterize current production usage, sometimes known
as an operational distribution or operational profile,
and used performance testing to identify the bottle-
neck resources of interest to the analysis. A thor-
ough description of the collection of operational pro-
file data is available in Reference 1, and its use in
test case selection during the load testing phase is
described in Reference 2. Specifically, we have used
the operational distribution, which is derived at test
planning time, as the basis for test case generation,
along with Markov chain modeling. Markov chains
have also been used to predict software reliability?
and to capture usage statistics from empirical data.*
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Selecting performance tests based on the operational
distribution guarantees that the testing done in the
test lab provides an accurate image of the actual field
environment, and we used the operational distribu-
tion to determine an efficient order in which to con-
centrate our fault removal effort. This guaranteed
that failures observed during performance testing re-
ceive priority according to the expected impact they
will have in the production environment. In contrast,
when the performance test design has not been based
on production data, it is difficult to determine how
to best use scarce resources to meet critical project
needs.

For the specific system that will be used in our case
study, we needed to validate the performance re-
quirements for a system that had been acquired off-
the-shelf. This meant that we did not have access to
design documents or the code itself and, therefore,
we could perform neither design reviews nor code
reviews. We were assured that thorough functional
testing at the unit, integration, and system test lev-
els had been done by the software vendor, prior to
the start of performance testing, but, of course, it
was not possible to quantify the comprehensiveness
in the way that one can for software that is produced
in-house. In our organization, as in many industrial
software production sites, the quality of functional
testing is typically evaluated using specification and
code coverage metrics, while performance testing is
usually benchmarked against system-wide quality
metrics such as performance and reliability require-
ments.

There are certainly advantages to doing performance
testing throughout the software life cycle, just as
there are advantages to doing correctness testing dur-
ing development. Nonetheless, since the usual pro-
cedure in our organization for both systems devel-
oped in-house, and those purchased off-the-shelf, is
to focus performance testing effort after the system
is fully developed and thoroughly tested for correct-
ness, our performance testing approach and the PNL
metric are predicated on this assumption.

The paper is organized as follows. The next section,
“Predicting scalability,” defines our PNL metric, de-
signed to predict whether or not there are likely to
be performance problems when the workload is sig-
nificantly increased. Then, in the section, “Deriving
the operational distribution,” we describe the way
we determined the operational distribution for the
customer care service provider that will serve as the
system in our case study. In the section “Performance
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