.
TILBURG ¢ }%%_’ & UNIVERSITY
l\‘;fl

A note on wild and Pagnatiello’s

experimental design strategy

Authors

Kleijnen,J.P.C.

Published in

Simulation: Technical journal of the Society for Computer Simulation

Publication Date

1992

Link https://research.tilburguniversity.edu/en/
publications/598a0c56-5889-43ea-80ef-a852be9cbecsd
Citation Kleijnen, J P C 1992, 'A note on wild and Pagnatiello’s experimental design

strategy’, Simulation: Technical journal of the Society for Computer Simulation,
vol. 58, no. 6, pp. 393-3%4.

Download Date

2026-02-1501:21:51

Rights

General rights

Copyright and moral rights for the publications made accessible in the public
portal are retained by the authors and/or other copyright owners and it is a
condition of accessing publications that users recognise and abide by the legal
requirements associated with these rights.

- Users may download and print one copy of any publication from the public
portal for the purpose of private study or research.

- You may not further distribute the material or use it for any profit-making
activity or commercial gain

- You may freely distribute the URL identifying the publication in the public
portal”

Take down policy

If you believe that this document breaches copyright please contact us
providing details, and we will remove access to the work immediately and
investigate your claim.



https://research.tilburguniversity.edu/en/publications/598a0c56-5889-43ea-80ef-a852be9c6cc6
https://research.tilburguniversity.edu/en/publications/598a0c56-5889-43ea-80ef-a852be9c6cc6

A note on Wild and Pignatiello's
experimental design strategy

Jack P. C. Kleijnen

Katholieke Universiteit Brabant
(Tilburg University)
School of Management and Economics
Department of Information Systems and Auditing
5000 LE Tilburg
Netherlands

In the December 1991 issue of this journal, Wild and
Pignatiello proposed an experimental design strategy for
designing robust systems using discrete-event simulation;
their strategy used Taguchi's mnethod for improving product
and process quality in manufacturing. Now I propose two
nlternative techniques. One techniguie requuires fewer observa-
tions than Taguchi's technigue does. The second technigue
requires tmany more observations, but pays off since it
quantifies the risk caused by uncontrollable environmental
conditions.

Keywords: Taguchi method, risk analysis, fractional
factorial design, simulation

Wild and Pignatiello [5, p.359] stated: "The goal is to
find system designs that. . .are also robust or insensitive
" to uncountable system environmental conditions such
as mean interarrival times and mean service times. ...
We distinguish the input factors as being either control-
lable (system design variables) or uncontrollable (noise
variables). .. .the noise variables represent parameters
that are unknown or uncertain and/or uncontrollable in
the real world but controllable in the simulation experi-
ments."

They further wrote, ". . .the strategy is applicable to
any system with probabilistic components. . ."; [5, p.
360]. I would add that actually their strategy — and the
two strategies 1 am going to propose — is applicable to
systems with or without probabilistic components; that
is deterministic simulation models also have control-
lable and uncontrollable inputs to which theses strate-
gies can — and are — applied. Examples of determinis-
tic simulation models are financial models (which have
become popular since spreadsheet software has become
widespread) and ecological models such as the one
discussed in [4]. Other deterministic simulation models
are discussed from the present perspective in [1]. '

The authorsillustrated their strategy with a hy potheti-
cal jobshop example, assuming six controllable and six
uncontrollable factors; for example, number of machines
at station one and mean interval time respectively. The
"feasible region" for the controllable factors was given in

their table 3; for example, the number of machines at
station one is 1, 2 or 3. In current practice, an exponen-
tial distribution is often assumed for the interarrival
times (an environmental factor), and that distribution's
parameter (say) A is estimated from the arrival data
collected for the system under consideration. The
system is then simulated for this single value of 1. Also
see[5, p.360].

That practice, however, is rejected by the authors.
They propose to "investigate system performance using
two setting for each of the noise variables"; [5, p.360]. So
they investigate two values for the mean interrarrival
time 1/A. Which two values to take, may be determined
as follows: ".. .construct a confidence interval estimate
of the estimated value of the input probability distribu-
tion parameters and use the end-points as the two
settings"; [5, p.361]. I give the following example, to
which I shall return. Suppose L= 1/A is estimated from
a sample of n independent interrarrival times x;:
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Consequently the variance of this estimator is
ar Gy = Yar (x)
var ({) = P

)

Because of the central limit theorem I assume that the
estimator in (1), which is an average, is normally
distributed:
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The mean of this normal distribution is estimated by (1),
and its variance is estimated by combining
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with (2), A 1-a confidence internal for L is then
obtained from the Student distribution withn -1
degrees of freedom:
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If no sampling data are available, I propose to ask the
users for their expert opinions and to formulate prob-
ability distributions reflecting that subjective knowl-
edge. Such an approach is classical in the risk analysis of
investment projects. Risk analysis of nuclear insta.lla-
tions is discussed in [1]. Whether objective or subjective
probabilities are sued, the Monte Carlo analysis of the
resulting model is facilitated by software like "@Risk", a
well-known add-on to Lotus 1-2-3.
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The authors [5, p. 362] used a "resolution III 2¢* design"
for the six controllable factors, in order to "identify
important variables quickly." They wanted to estimate
the effects of changes in the uncontrollable factors,
including "interactions between various input param-
eters". [5, p. 363]. Therefore they "cross” the design for
the controllable factors with the design for the uncon-
trollable ones; [5, p. 364]. For the six environmental
factors in their jobshop example they again take a
resolution III 257 design. I wonder whether this design
does indeed permit the estimation of interactions
between the uncontrollable factors; intuitively I think
that interactions between controllable and uncontrol-
lable factors can be estimated indeed! The authors did
not present estimated main effects and interactions in
their example. Instead they stated that from the data itis
"apparent" that some jobshop environmental variables
(which is an interaction between controllable and
uncontrollable factors, I claim); {5, p.364]. They ob-
served that the design for the environmental factors
represents "a systematic sample from the entire noise
space”; [5, p-365].

[ propose two alternative techniques, one that requires
fewer simulation runs, and one that takes many more
runs but gives interesting information on the system'’s
robustness. In the first technique I treat both control-
lable and uncontrollable factors the same, in the simula-
tion experiment. So in the authors' example I propose a
resolution III design for twelve factors (sox controllable
and six uncontrollable factors); that is I suggest a 21>
design so that the twelve main effects and the overall
mean are estimable from sixteen factor combinations.
The authors use 64 combinations (crossing two 26-3
designs); that is, they use four times more simulation
time! Later on they state "since several iterations of data
collection. . .are likely to be needed,. . .initial designs
matrices. . .be that environmental factors with nonsig-
nificant main effects are eliminated. In a next iteration,
interactions between controllable and uncontrollable
factors can be estimated —similar to the authors' table 7
— several combinations of environmental factors are
investigated, which gives an idea of the robustness of
the system to be designed.

My second technique, risk analysis, takes a different
route. The authors examine each environmental factor at
only the 1 - a confidence interval; in my example, these
are the two values in (5). But obviously the value
halfway this interval is much more likely! And values
outside the 1 — o interval are rare but do have a chance
of c.. The derivation of the confidence interval implies
that the environmental factor m has the Gaussian
probability function given in (3) with parameters
estimated by (1), (2), and (4). Risk analysis takes 'many’
samples from that distribution so that a good estimate of
'the' response variable is obtained. As the authors
suggest, 'the' response may be "the average. .. [or]. . .the
sample noise conditions™: [5, p. 364]. That average and
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that variance can be estimated from the distribution
provided by risk analysis, but we can also estimate other
responses such as the probability of times larger than
some given critical constant. The probability distribution
can be estimated for several combinations of control-
lable factors; these factors can be investigated in a
fractional factorial design such as the resolution 11l
design. I give some more details on risk analysis and
sensitivity analysis in [2 and 3, pp. 143-145], but the
proper role of both techniques is still under debate.
Note that the first technique (controllable and incontrol-
lable factors combined into a single fractional design)
may be applied to find out which environmental factors
donot need to be sampled in the second technique (risk
analysis).

I do not assert that the authors' design and analysis is
wrong; all T want to claim is that there are alternative
techniques to be considered. And of course I agree with
the authors that "robustness” of a system design is
important: in a case study concerning the optimization
of keypunching at a computer center I noted that it
"would have been wise to investigate the sensitivity of
this solution to the arrival rate of jobs and their service
rate, because changes in the future work load may
require adaptation of the [estimated optimal setting of
the controllable variables]’; 3, p.364]. But this message
needs to be repeated again and again!
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