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Letters to the Editor

COMMENTS ON COMPUTER EXPERIMENTS

The approach to the design and analysis of com-
puter experiments espoused in Technometrics by Welch,
Buck, Sacks, Wynn, Mitchell, and Morris (1992) (hereafter
W?BSM?) in their article “Screening, Predicting, and Com-
puter Experiments"” contrasts markedly with traditional ap-
proaches to the design and analysis of experiments. A com-
puter experiment in which one attempts to describe a com-
puter model of a physical system is a simpler special case
of the experimental design problem in which one attempts
to describe a real physical system. A computer experiment
can be used when the computer code is so expensive to
run that it is desirable to obtain a cheaper predictor. One
simpler aspect is that the computer code is deterministic,
so such considerations as blocking and randomization are
irrelevant.

For the purpose of identifying important factors in a com-
puter model, W*BSM? used a Latin hypercube experimen-
tal design and fit the results by modeling the outputs as a
realization of stochastic process with correlation function

d

R(w,x) = ] exp(=;]w; — 2,1).
i=1

The p's and 8's are parameters to be estimated from the
data.

The W?BSM? approach spends little time in the plan-
ning stage at which the objectives, the appropriate design,
and the appropriate analysis procedures are determined. The
contrast between the W2BSM? approach and a traditional
approach was emphasized when I read the excellent arti-
cle on the systematic planning of experiments by Coleman
and Montgomery (1993). A prime purpose of this letter is
to point out, using a clear and simple example, that the
approach of W?BSM? can perform markedly worse than
traditional approaches.

To compare the W?BSM? approach to a traditional ap-
proach, I consider a five-factor main-effects-and-interaction
model:

5
¥ = Z (XiXip — XiXi40)
ie=]

{the ith subscript is mod 3, so X = X; and X =Xo) 1
chose symmetrical parameter values to reduce the dimen-
sionality of the parameter space so that I could more easily
evaluate the likelihood function of the W?BSM? approach.
The number of parameters was chosen to be comparable
to the number in the W?BSM? approach that has 11 pa-
rameters, a “mean” (B}, which will be 0, five 8,’s, and
five P;'s.

In a traditional approach, the planning phase would de-
cide on the appropriate design; a half-replicate of a 2° is a
very appropriate design. Data from a half replicate of a 25
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will estimate this model perfectly. [ generated 16 data points
with I = ~ABCDE and X; = £1.0 and used the W*BSM?
modeling procedure. The likelihood increases with p; and
@;, so the maximum likelihood estimates are 8; = oo, p; = 2,
and B = 0, though the likelihood is essentially the same for
all ; > 2. The W?BSM? model will predict the data points
and predict Q (which is y-bar) everywhere else, so it works
horribly, whereas the traditional approach works perfectly.
The half replicate of a 2° is an optimum design for estimat-
ing a main-effects-and-interaction model; no other design
gives more information about the model, so it is unlikely
that any design will allow the W*BSM? approach to work
well with only 16 points. Their approach will require more
data than a traditional approach. How many experimental
points would W2?BSM? desire and where would they rec-
ommend placing them for their approach to work well? My
suggested metric for working well uses R? of prediction
(R}, where

R2=1- {Z [yi{z) — 5:(x))? /Z fyi(z) - ﬁ(m)lz} :

I suggest calculating R; over a 50-point Latin hypercube; an
R2 > .99 would indicate a good fit. I recommend R2 rather
than the empirical root mean squared error (ERMSE) crite-
rion used by W?BSM? because a reviewer noted the scale
dependence of the ERMSE. A plot of R as a function of
the number of experimental points would also be of in-
terest to practitioners. W?BSM? noted that their approach
can perform badly if there are too few data points. Guid-
ance about the number of data points required to get an
adequate model is needed before a practitioner could feel
comfortable using their approach.

Because a computer experiment is a special case of an
experimental design problem, it is appropriate to use tradi-
tional methods and spend more planning time deciding on
the appropriate design and modeling procedure. The par-
ticular physical system being modeled and the goals of the
experiment should determine the design. The. planning stage
at which the appropriate design is chosen is especially im-
portant when experimental points are expensive.

In the remainder of this letter [ discuss some design and
modeling issues concerning computer experiments. I men-
tion areas for additional research and areas that should be
considered when planning and running the experiment.

1. The only design mentioned by W?BSM? is the Latin
hypercube. I conjecture that this randomly generated de-
sign can be proved to be optimal in screening situations
when there is only one active factor (with a possibly com-
plex relationship in that active factor). When more factors
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are active, it will no longer be optimal, and other designs
should be considered. T agree with Easterling (1989) who, in
a discussion of Sacks, Welch, Mitchell, and Wynn (1989),
said: “When resources are dear, and the objective is to learn
something about the compliex processes being modeled, it
seemns almost criminal to me to turn over the exercise of the
computer model to a random number generator. We need
te use all the statistical and subject matter intelligence that
can be mustered” {p. 426).

2. Other design aspects were discussed by Sacks,
Schiller, and Welch (1989), by Sacks, Welch, et al. (1989),
by Currin, Mitchell, Morris, and Ylvisaker {1991), and by
Morris, Mitchell, and Ylvisaker (1993}). The designs are
chosen to get the best estimates of the assumed correla-
tion function {entirely by Currin et al. and largely by Sacks
et al.) and are not determined by the underlying physical
model. This does not appear wise to me. I believe that
R{w, x) should be written as R(w, x, data). The correla-
tion function is dependent on the amount of data present.
This dependence has design implications because none of
the references discussed chasing a moving target.

3. A new type of composite design could work well.
The new composite design combines a hyper-Graeco Latin
square with a fraction of a 2°. A neat six-factor example
is the 55~* design combined with a 252 with I = ABC =
DEF. The 55~* hyper-Graeco Latin square (which is also
called an orthogonal array or a screening design) will al-
low estimation of linear, quadratic, cubic, and quartic main
effects for six factors, whereas the 25-2 checks for interac-
tions. This design allows estimation of complicated func-
tions in each factor and checks on interactions, yet requires
fewer points than a standard composite design. There are
{25 4+ 16 =) 41 points for the new composite design versus
(26714124 1 =) 45 points for a standard composite design.

4. T note that when only a few of the factors are active,
many classical designs such as factorials and fractional fac-
torials will project onto few points. Therefore they do nat
allow the estimation of complicated relationships in a few
factors. A way of handling this is through design rotation
so that there are many levels of each factor yet the good
design properties are preserved. Crosier (1991, 1993a.b) is
doing very interesting work in this area. Having only a few
active factors, of course, raises questions about the need
for the complexity of the original computer code, but this
subject will not be pursued further here.

5. Because computer experiments can easily cover a
larger factor range than “real” experiments, we can expect
more occurrences of asymptotes; therefore, routine appli-
cation of response surface methodology using only second-
order polynomial models can give poor results. Alternative
model forms, such as rational polynomials, ¢an be useful. I
have found rational polynomials easy to fit using standard
nonlinear packages.

6. Note that the example in Section 1 of W?BSM? is
separable and after logging can be written as y = f;(X;) +
f2(X2). The W?*BSM? approach recognizes this structure
well. Once this separability is recognized, traditional mod-
eling approaches can also model this data well. Transforma-
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tion should be considered when modeling data from com-
puter experiments,

7. Two very important practical points were conspicu-
ous by their absence in all referenced articles: (1) Look at
the computer code or discuss the code with the author or
authors. This can prevent many unfeasible approaches. (2}
Look at past runs of the computer code. If computer code is
very expensive to run, a record of past runs should be kept.
It is often easier to model deviations from past models than
to start anew.

An article by Welch, Yu, Kang, and Sacks (1990} con-
cerning computer experiments does follow a traditional ap-
proach. It shows that a traditional approach to computer
experiments can give a good answer. The physics of the
problem was described, a model was proposed, a design
was chosen, data were collected and analyzed. The results
were discussed. My only quibble with the approach used
was that the design was a computer-generated design for an
unconstrained region. Classical designs are so good that it
is virtually never appropriate te use a computer-generated
design for a model linear in the parameters in an uncon-
strained region {Lucas 1976, 1978). A person with some
background knowledge of experimental design can almost
always find a design that will beat the computer-generated
design. For an example, see Lucas (1990). Note also that
in practical situations, when there are hard-to-change and
easy-to-change factors, a computer-generated design will
answer the wrang question {Anbari and Lucas 1994).

For the particular problem discussed by Welch et al., the
physics shows that two additional interactions {M; My and
My Ma) are likely to be small. This allows the use of a com-
posite design with a § fraction for the factorial points. The
composite design uses (2872 + 12 + 1 =) 45 points, a 25%
savings from the 60-point computer-generated design. I
would recommend adding 4 to 6 computer-generated points
to check on potential interactions and still have appreciable
savings over the computer-generated design. A prime rea-
son that Welch et al. required a 60-paint design was that
they used a single five-level factor to represent two “noise”
factors plus a centerpoint. Most programs for computer-
generated designs do not handle centerpoints well, but a
response surface approach works and shows that a simpler
model can be used {LLucas 1989, 1994). An excellent recent
research article by DuMouchel and Jones (1994} showed
how a computer-generated approach can be modified to in-
clude a centerpoint.

If W?BSM? provided fast and easily used programs im-
plementing their approach, I would use them because their
approach can work well. I would not rely on their approach
exclusively because it can fail. I have had success using
traditional approaches, and I have demonstrated that the
traditional approach can work well in situations in which
the approach espoused by W2BSM? fails miserably.

Acknowledgment: I thank the editor, associate editor, and
four referees for their many helpful suggestions. I also
thank Frank Anbari for the special-purpose programs used
in my evaluations,
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RESPONSE TO JAMES M. LUCAS

Lucas argues that one can take methods for the design
and analysis of physical experiments, in which Lucas has
considerable experience, and apply the same methods to de-
terministic computer experiments. We shall argue that alter-
native methodologies do about as well in simple situations
in which simple methods are adequate and perform much
better when the response relationship is nonlinear, as it of-
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ten is in a computer experiment. We first discuss Lucas’s
example and then address his general remarks.

When trying to demonstrate the effectiveness of a
method, it is tempting to simulate data from the assumed
maodel. Lucas succumbs to this temptation. He generates
data from a very simple model, then analyzes with full
knowledge of the same model. Because the model has only
hilinear interactions—that is, no nonlinearities—a two-level
design is adequate. Not surprisingly, this method produces
perfect prediction! Describing the two-level design as “op-
timum” is just saying, “If you already know the answer, this
methodology is guaranteed to find it!”

In Welch et al. (1992) an equivalent temptation would
have been to simulate data from the stochastic-process
model underlying our predictor. We felt, however, that read-
ers would be more convinced by generating respornses from
a rea], circuit-simulation computer code {definitely not a
realization of a stochastic process) and showing that our
method worked well, without major assumptions about the
form of the response function.

Lucas’s example is certainly not typical of the real com-
puter codes we have experienced. He notes that, because
of wide factor ranges, asymptotes—that is, nonlinearities—
are to be expected and that second-order polynomials can
give poor results. Yet Lucas’s model does not include non-
linear terms, nor would his design find even quadratic
second-order terms. His example response surface is com-
plex through the presence of many interactions. In our ex-
perience, although interactions can be present, computer
codes tend to be complex through nonlinearities rather than
through interaction.

Even though Lucas’s madel is very unreallsnc, it is a
fair question to ask how our method performs. The two-
Jevel factorial design is very inappropriate for fitting our
stochastic-process model {or for fitting other models, we
shall argue). In each input variable, z,, we use the correla-
tion function R{d) = exp{—8dP), a function of the distance
d between two values of z;. A two-level design always gives
d = 0 ord=2for all of the design points. We already know
that R(0) = 1, so the design gives one value of 4 to fit a
function. In addition, 12 parameters (10 correlation param-
eters, the stochastic-process variance, and an intercept) are
being fitted with 16 observations. Most statisticians would
beware of using maximum likelihood here, a method that re-
lies in general on asymptotic theory for its optimality prop-
erties. Not surprisingly, maximum likelihood estimation is
unreliable here.

The unreliability of maximum likelihood estimation is
well diagnosed by leave-one-out cross-validation. Suppose
that we fix p; = 2 for j = 1,...,5, a value that would usn-
ally imply an assumption of smoothness for the response
surface. Here, with only two levels in the design, p;y I8
irrelevant. Setting 8, (3 = 1,...,5) to 10, 1, .1, .01, or
.001 gives cross- valldatlon root mean squared errors vary-
ing from about 3.4 to 5.1-that is, large errors. The R2 cri-
terion preferred by Lucas is around 0 or negative. We get
a warning that model fitting is problematic. Lucas gets no
such diagnostic when he fits an intercept, five main effects,
and 10 two-factor interactions with 16 runs. A perfect fit is

TECHNOMETRICS, MAY 1996, VOL. 38, NO. 2
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guaranteed even if the fitted model is a poor approximation
to the true function. With one observation removed, fitting,
and hence cross-validation, is impossible.

It is quite revealing to decompose the predictor from the
stochastic-process model into main effects, two-factor in-
teractions, and so forth as described at the end of Sec-
tion I of Welch et al. {1992). As Lucas points out, for
large values of the 8,’s the predictor reproduces the two-
factor-interaction data at the half-fraction design points
and is 0 {i.e., a different relationship) on the complemen-
tary half fraction. This indicates interactions between more
than two factors at a time. On the other hand, if we set
¢; = .001(3 =1,...,5), then the 5 one-factor main effects
account for none of the variability in the predictor, whereas
each of the 10 two-factor interactions accounts for approx-
imately 109%—that is, the right conclusion. Moreover, the
estimated joint effects are almost exactly right. For exam-
ple, the joint effect of z; and z,, obtained by averaging
§(x) over z3 = 1,24 = %1, and z5 = =*1, is given in
Table 1. The other nine estimated joint effects are the same
up to a sign change. -

Thus, with small values of the 8,’s, the fitted stochastic-
process model says that data are explained by 10 two-factor
interactions {and the predictor is nearly perfect). With larger
values of the ¢;’s the fitted predictor has higher-order in-
teractions. This is exactly the same conclusion as Lucas’s
analysis! His two-level, 16-run design aliases main-effects
and two-factor interactions with higher-order effects. No
method can overcome this deficiency in the design. The
stochastic-process mode] at least warns us through cross-
validation that many fitted models are roughly equivalent.
That small values for 8; (f = 1,...,5) give excellent pre-
diction here has some theoretical backing. Ongoing work
by Y. B. Lim, J. Sacks, W. J. Studden, and W. J. Welch
considers p; = 2 and #; — 0 for all input variables. Under
these conditions, the predictor can interpolate polynomials
exactly up to the degree allowed by the number of runs
and the design. In other words, where a simple polynomial
maodel suffices, the stochastic-process predictor can still do
well.

We would recommend more than 16 runs to investigate
five input variables in a computer experiment if comput-
ing resources allow. We would also recommend against
two-level designs. A data-adaptive, nonparametric predic-
tor such as ours cannot reveal nanlinearities in the response
relationship from such a design. For fitting Lucas’s model,
even if the true relationship is approximately the same, the
bias from a two-level design can be reduced. In a computer
experiment there is no variance from random error. A fit-

Table 1. Estimated Joint Effact ji{x;, x2) far the 16-Run, Fractional-
Factorial Design, With p; = 2 and B,=.001 (=1, ..., 5

Xy

X2

Fixs, xz}

-1
-1
1
1

—1
1
-1
1

998
—.998
—.998

998

NOTE: The rue joint effect takes values +1.
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Figure 1. Space-Filling Design for Five Factors and 24 Runs, Pro-
Jected Onte x; and x;.

ted regression model gives prediction error only through
bias from model inadequacy. Box and Draper (1959, 1963}
considered designs for minimizing the integrated squared
bias. Suppose that the input variables are continuous, typ-
ically the case in a computer experiment, and that the in-
tegration is uniform. Box and Draper showed that a suffi-
cient condition for minimizing the integrated squared bias
1s to match certain moments of the design with thase of the
uniform distribution. This result holds quite generally. Fig-
ure [ shows the projection onto z, and x, of a design for
five factors with 24 runs. It is a Latin hypercube (McKay,
Canover, and Beckman 1979), so the five input variables
are cach covered uniformly. Within the class of Latin hy-
percubes, this design was chosen to maximize the minimum
distance between pairs of design points, the maximin crite-
rion proposed by Johnson, Moore, and Ylvisaker (1990) for
deterministic computer experiments. Their maximin crite-
rion is adapted such that distances are computed for two-
dimensional projections, ensuring fairly uniform coverage
for all two-dimensional projections. A space-filling design
with a uniform distribution of points, like that in Figure
I, would lead to less model-inadequacy bias when fitting
Lucas’s maodel if the model is approximately correct.

With 24 runs, maximum likelihood estimation of the cor-
relation parameters in the stochastic-process predictor is
still unreliable, but cross-validation is now conclusive. The
predictor based on maximum likelihood estimates of the
correlation parameters has an Rg value of about .75—that
15, a poor predictor. Putting 6, = 0001 (7 =1,.. ., ), how-
ever, gives a cross-validation root mean squared error of
about .0037 or R2 of about 99.999%. Thus, with n = 24
runs cross-validation identifies a near-perfect predictor. The
estimated joint effect of x; and z,, for example, is shown
in Figure 2. It is very close to the true joint effect, E1Tg,
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Figure 2. Estimated Joint Effect j(x,, x;) for the 24-Run, Space-Filling

Design, Withp; = 2 and 6, = 0001 (= 1, ..., 5). The true joint effect
{8 X; Xz.

1.0

over the entire input-variable space. Thus, with this 24-run
design, we are able to predict the function well through-
out the space, not just at the vertices, and cross-validation
demanstrates the reliability of the predictor.

With a 32-run space-filling design, maximum likelihood
chooses very small values for the 6;'s and automatically
finds a near-perfect predictor.

To summarize Lucas’s example:

1. Two-level designs are poor for computer experiments.
It is full knowledge of the correct model, not a good de-
sign, that leads Lucas to a perfect predictor here. Fitting
Lucas’s model to data from a 16-run space-filling design
also produces a perfect predictor! Even if the true function
Is approximately linear, bias can be reduced by covering the
space more uniformly.

2, Using the 16-run, two-level design, his analysis and
our predictor lead to essentially the same conclusion. The
data can be explained either by 10 two-factor interaction
terms or by higher-order interactions. Cross-validation can-
not distingnish the two possibilities.

Thus, Lucas’s example, apparently chosen to shaw the ad-
vantages of his method, shows no substantive improvement.
Compare this example with the two examples of Welch et
al. (1992), which are closer to real computer codes, at least
in our experience. They have ponlinearities, moderate in-
teraction, and high dimensionality (20 input variables}. The
methodology espoused by Lucas is woefully inadequate to
deal with these examples.

We now discuss some of the more general remarks.

If RZ conveys useful information, then use it. In our ex-
perience, however, engineers specify the required accuracy
of prediction in terms of absolute or relative error.

201

Lucas says that our approach “spends little time in the
planning stage.” To carry out a traditional experimental de-
sign and analysis, one has to question engineers on the
possibility of nonlinearities, interactions, and so forth at
the design stage. Nonlinearities of unknown form cannot
be modeled later if the design has only two levels, for
example. Of course, we would certainly agree that prior
knowledge should be used when available, and this is of-
ten much more easily incorporated into our techniques than
with classical regression methods. Computer codes are in-
ternally complex, and inputs (and outputs) often have high
dimensionality. Under these conditions it is unrealistic to
expect definitive answers to these questions. Often, engi-
neers are surprised at the results of an experiment. From
working with scientists and engineers in various applica-
tion areas, we have typically found it more fruitful to pay
attention to

1. The input variables and their ranges. Computer ex-
periments often have very large ranges. In our experience
computer codes can become numerically unstable if ranges
are too wide.

2. Transformation of the input variables. If we see an
input ranging over several orders of magnitude, we discuss
the possibility of logarithmically spacing that input in the
design.

3. Parameterization. For example, in an article by Yu,
Kang, Sacks, and Welch (1991}, transistor widths were the
inputs to a circuit-simulation code, but working with the
ratio of widths was suggested by engineering knowledge
for one pair of transistors. '

4. Objectives, particularly trade-offs when they conflict.,
Many computer experiments aim to optimize an engineer-
ing system. Sequential design, adapting the input ranges as
we learn about promising subregions of the input space, is
particularly useful {(e.g., Bernardo et al. 1992).

What 1s carefully planned about Lucas's half fraction and
model? The design is potentially disastrous if the relation-
ship is not linear. We are sure that Lucas never wants to
see in real applications a model like the one he fits in his
example. A model with no main effects, dominated by in-
teractions, suggests poor parameterization.

Despite the quote from Easterling (1989), a Latin hy-
percube is not pure random-number generation. The ane-
dimensional margins are controlled so that we get plenty of
levels and nonlinearities can be modeled. As previously, ane
can take a criterion to improve coverage in twao- or three-
dimensional projections rather than completely randomiz-
ing higher-order projections. See also Morris and Mitchell
(1995). Even Latin hypercubes that randomize structure for
projections of two or more dimensions probably do very
well for most applications. Randomization of run order,
for example, is irrelevant in a computer experiment, but
randomization is also used extensively in design of exper-
iments to deal with uncertainty about unknown structure.
Since when is randomization a sin? In our opinion, mind-
lessly assuming that the relationship is linear, running a
two-leve] design, and hoping for the best offers much more
patential for disastrously misleading conclusions. The de-
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sign suggested by Lucas for six factors, a composite of
two-level and five-level designs, would probably also do
well in many applications. It is unfortunate he did not use
such a design in his example. Moreover, he gives no clues
about how he would deal with 20 or more input variables,
the main thrust of Welch et al. (1992}.

Lucas raises the interesting question of how to choose
the number of runs in a computer experiment. We suggest
taking 10 times the number of active inputs (admittedly a
guess}. Obviously mare or fewer runs will be needed de-
pending on the amount of nonlinearity, interaction, and so
forth. In most applications this leads to fairly automatic
model fitting via maximum likelihood. After a first-stage
experiment, accuracy of the stochastic-pracess predictor
can be assessed by cross-validation. If accuracy is not goad
enough, it is very easy to augment a space-filling design,
and a data-adaptive predictor will adapt to the new runs. In
contrast, bias arising from an incorrect regression model is
difficult to assess, and the bias cannot be reduced below a
certain level without intraducing a better model.

Lucas’s comment that Sacks, Schiller, and Welch {1989),
Sacks, Welch et al. (1989}, Currin et al. {1991), and Morris,
Mitchell, and Ylvisaker (1993) were concerned with design
for “best estimates of the assumed correlation functions” is
just wrong. In these works, designs were chosen to mini-
mize prediction error given the correlation parameters.

QOur predictor does require estimation of the correlation
function. In this sense the estimated correlation function de-
pends on the data. Typicailly, uncertainty in estimating the
correlation parameters is ignored in theory and in compu-
tatjons. Even if this is discounted, there is a further socurce
of uncertainty in the predictor from interpolating between
design points. The latter source tends to dominate, at least
if an adequate number of runs is taken. As illustrated by
the examples of Weich et al. (1992), cross-validation is of-
ten a good indicator of predictive accuracy at new points.
Analysis of the estimated correlation function rarely helps
understanding of the computer code. Rather, we tend to use
visualization of the estimated effects.

Lucas’s comment, “Having only a few active factors
... Taises questions about .. . the complexity of the ... code”
(p. 192) suggests some unfamiliarity with computer codes,
Typically a code produces several outputs. {(In fact, the out-
put may include a function, for example, over time from
which summaries are extracted.) Even though an jnput is
inactive for some outputs, it might be active for others, and
overall the code is complex. Moreover, in our experience,
the experimenter running a computer code is often not the
code's author. Code developers often do not know which
factors are impartant until they complete and run the code:
They are coding basic physics one component at a time.

Rational polynomials might be useful. Again, though, we
prefer to make few assumptions about the form of the rela-
tionship. In most applications, we suspect, the experimenter
is unable to specify the form.

One advantage of our methodology is that it is fairly au-
tomatic once the preceding planning decisions have heen
made. Lucas points out that our methodology uncovers
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structure in the simple example in Section 1 of Welch et
al. (1992). We agree that other methods might work well
after transformations, and so forth {though a two-level de-
sign would again be inadequate). Lucas’s attitude seems to
be that scientists and engineers should immerse themselves
in several courses an design of experiments, regression di-
agnostics, and so farth. Of course, science and engineering
would benefit immensely, but the reality is that much work
goes on with little statistical expertise.

Science and engineering need methods of analysis that
automatically work well in most cases without agonizing
over the form of the regression model. We have warked
on applications with about 40 input variables and 10 out-
puts of interest. Under these conditions, engineers welcome
automation! Commenting on trade-offs in conflicting objec-
tives, as indicated by visualization of the predictor, is a more
profitable and a more realistic use of engineering knowl-
edge. Some situations will require expert statistical advice,
so there will always be work for specialists like Lucas.

Lucas's attitude is further revealed by his attack on
computer-aided design. Cook and Nachtsheim (1990), in
their response to Lucas (1990}, pointed out that Lucas wants
ta change the experimenter’s abjectives to fit his design. The
same attitude pervades here. Despite experience to the con-
trary, we should hope that a computer code will be simple
enough to allow the use of traditional methads. We believe
that maximum statistical impact will be made when tools
for computer-aided design are widely available so that de-
sign is easy in realistic contexts.

One detail raised about computer-aided design concerns
the use of centerpoints. Algorithmically, it is very easy to
specify centerpoints, or any other points, in a design and
then augment those points according to some criterion. Of
course, if the right design is used in the first place—that
is, a design with better coverage of the input space—then
there is no need to fix it up with centerpoints.

At the beginning of his letter, Lucas says that a computer
experiment is a simpler, special case of physical experi-
ments. This comment is repeated later. We agree that the
lack of random error simplifies analysis. But this opportu-
nity is wasted if we carry over design and analysis meth-
ods aimed at minimizing the impact of (nonexistent) error
variance. “Special case” implies that a subset of existing
methodology for physical experiments will suffice. Com-
puter codes often have very many input variables, however,
and often have Jarge nonlinearities. We believe that failing
to appreciate the distinctions between physical experiments
and computer experiments has led to some misconceptions.
We hope that these comments shed some light on the in-
creasingly important area of computer experiments, and we
thank Lucas for initiating this discussion.

Finally, we would like to note that Toby Mitchell died
before this rejoinder was written. In addition to his many
other accomplishments, Toby was a leader in bringing com-
puter experiments to the attention of statisticians. He car-
ried out much of the pioneering work in computer exper-
iments. Having worked clasely with him for many years,
we believe he would have been in broad agreement with
our response.
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