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The major purpose of this paper is to evaluate the prac- 
ileal use of statistical techniques in both the generaliTation 
or analysis of simulation results, and the design of simuiation 
experiments. This problem is investigated with the help of a 
real-life system, namely the container termhus of ECT in 
Rotterdam. This system is modeled by a simulation program. 
The relationship between the simulation response and its 
input variables is modeled by a linear regresdon model: 
metamodel or auxiliary model. The paper summarizes 
regression analysis including generalized lea~t squares which 
might be used for simulation responses with non-constant 
v~ances. The validity of the postulated regression metamodel 
is tested statistically: F- and t-statistics. The selection of the 
situations to be simulated, is done through experimental 
design methodology, permitting both quantitative and quali- 
tative factors. The statistical techniques apply not only to 
simulation but also to real-life experiments. 

I. Introduction 

If our simulation model were developed to answer 
a few ad hoc questions, running the shnulation pro- 
gram a few times might give the required answers. We 
would still have to perform a number of simulation 
runs to see how sensitive those answers are to the 
model specifications. Actu~y, a rather expensive 
research tool like simulation is usually meant to 
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answer a variety of questions. Besides answers to a 
few sp~:cif'tc questions, we shall try to gain a general 
unders,anding of the system's behavior. We also wish 
to be able to answer "inverse" questions, i.e., in our 
case given a specific value for the original response 
variable, inventory capacity, which yearly through- 
put is possible? We could try to fmd this value via 
trial and error, but having available an explicit formu- 
la (or nomogram) gives an immediate answer. As we 
have already indicated, we also wish to know how 
sensitive our solutions are to the model's specifica- 
tions. Sensitivity studies per factor are traditional in 
practice, but we may further examine interactions 
among model parameters. The larger the area over 
which factors vary, the more desirable it seems to 
include interactions in our investigation. (Simple 
linear functions provide good approximations locally; 
see Section 5.) 

As Fig. I demonstrates real-life systems can be 
modeled by means of a simulation program. The rela- 
tionship between the inputs and the outputs of this 
simu!ation can in turn be modeled, namely by a 
l i ne :  regression model. The regression model acts as 
a metamodel or auxiliary model, so that simulation 
results can be generalized. We shall derive the regres. 
sion estimates fl with their covariance matrix, when 
using either ordinary or generalized least squares. 
Generalized least squares may be relevant because 
the simulation responses have different variances. The 
validity of the fitted regression model will be tested 
by an F-statistic, which compare: the residuals), -)~ 
to the "natural" deviations specified by var 0').  Non- 
significant effects/) are set zero. The model is further 
verified by comparing some new simulation response 
with the response predicted by the metamodel, using 
a Student t-test. Next we discuss the selection of the 
design matrix. We conclude with the actual results of 
a practical study performed at Europe Container 
Torminus at Rotterdam. More details on our study 
can be found in the complete report [ 15]. 

The following notation is used. Stochastic (proba- 

SIMULATION MODEL 

,L 
, METAMODEL ~- 

Fig. 1. Stepwise modeling. 
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bilistic) variables are in boldface and matrices in- 
eluding vectors are denoted by an arrow. Note that 
the techniques of this paper are applicable not only 
to simulation experiments but also to real-life exp'~ri- 
ments 1. 

2. A problem at Europe Container Terminus 

Europe Container Terminus (ECT) is a company 
in the harbor of Rotterdam that provides facilities 
for loading and discharging containers from deep.sea 
vessels into smaller ships called feeders, and into 
trucks and railway cars, and vice versa. Also ECT pro- 
vides facilities for the storage of containers. It is the 
worlds' largest container terminus. Its management 
is interested in the handling and storage capacities of 
the ECT terminal, i.e., what is the capacity of the 
present terminal, and which measures have to be 
taken when more cargo is to be handed? More speci- 
fically, our research team wants to know the relation. 
ships between handling capacity and quay length, 
arm between storage capacity and yearly "through. 
put" (production). Since the handling capacity is 
large relative to the storage capacity, it was assumed 
that the storage or "stackhlg" system could be 
studied separately. In preliminary studies it was 
further found that the storage problem is easier to 
study than the transhipment issue, which involves 
more factors and non-linearities. So in this report 
we discuss only the storage o[eontainers, not their 
handling. 

The relationship between stacking capacity and 
yearly throughput depends on how this throughput 
is realized: A specific yearly production can be gener- 
ated by many small ships or by a few big ships. 
Other factors are relevant too. For instance, if the 
containers remain longer at ECT, then more stacking 
capacity is needed. How do we measure the required 
capacity? Let the required storage capacity (capacity 
utilization) on day t be denoted by y t  (t = 1, 2, ..., T) 
where stochastic variables are boldface. These Yt 
form a time series; see Fig. 2. Theyt  can be organized 
into a frequency diagram, yielding estimates of 

P(Yt = O: 

1 The main difference is that in real-life experiments no 
subruns exist so that the experimental error variance 0 2 
must be estimated by replication. Moreover, independence 
of the observations does not follow from the use of inde- 
pendent sequences of random numbers but must be 
assured by good experimental practice. 

~, Day t 

{a} Required stacking capc~c=ty c~t day t. or Yt 

Frequency fi 

(b) Frequency of required stack,~gcopoc,t  v y,. or f 

Fig. 2. Required stacking capacity. 

I 

bi = h )  (i = o, l ,  ..., 0 
0 

(2.1) 

where/i is the number of days at whichyt = i. The 
corresponding cumulative distribution is 

i 

/=0 
(2.2) 

The 90% quantile, denoted by Yo.9o, is the value not 
exceed by Yt in 90% of the cases, i.e., during 90% of 
the time. Hence 

P(Yt <~ 3'0.90) = 0 . 9 0 .  (2.3) 

Besides the 90% quantile o fy  we estimate its 95% 
quantile since 90% is a rather arbitrary value, its 
maximum value y 1.oo, and its average value 6 (y), 
which equals Yo.5o for symmetrically distributed y.  
Consequently, our original question can be formu- 
lated as: Consider the required stacking capacity and 
determine its average, its 90% and 95% quantfles, and 
its maximum, given a specific yearly throughput 
realized by specific ship sizes and ship arrivals, and 
qualified for specific factors such as container °°dwell 
time" (number of days spent by cont~uers at ECT). 
Reversely, the question can be asked: Given a certain 
capacity, how large a yearly productiori can ~e 
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h ~ d l e d ?  This "inverse" problem t~,med out to cre- 
am extra complicatiom. 

3, Analytical and simulation models 

Next we are confronted with the choice between 
an ~ a l  and a simulaticn model, We decided 
that a simulation model was prefered since an analyt- 
ical approach requ~ed too drastic simplifications 
such as Poisson service times. Moreover, we felt that 
a simulation model could be better understood by 

the users so that they would be more willing to ac- 
cept and implement the results of our study. Unfor- 
tunately, ~ u l a t i o n  requires much development 
effort and computer nm.ning time. Until recently, 
simulation models were used in an ad hoc manner at 
ECF (as in most other companies), so that it was dif- 
ficult to fred relationships among the variables of 
interest. This report veal show how we attacked this 
problem! 

The simulation model was programrn_ed in a pro- 
cess-oriented simulation language called PROSIM. 
This language was developed at the University of 
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Fig. 3. The simulation model. 
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Technology in Delft (Netherlands); see [ 14]. Process 
simulation makes it easier for the user to read and 
underst~d the simulation program. 

As far as arrivals and departures c~f containers are 
concerned, we should distinguish between two types 
of events, namely ship versus truck arrivals and de- 
paxtures. Ships carry relatively large quantifies of 
containers, ~hereas trucks transport only one or two 
containers. Hence, the arrival of a truck has a much 
smaller effect on the state of the terminal than a 
ship has. For that reason we modeled the arrivals and 
departures of containers by truck as a continuous 
stream, coupled with the arrivals and departures of 
ships. Arrivals of ships, however, are modeled as dis- 
crete events. For more details on the simulation pro- 
gram we refer to [I 6]. Fig. 3 gives a simplified flow 
chart of the resulting simulation model. A further 
discussion of the various processes in Fig. 3 can be 
found in [15]. 

Note that collecting data on the real system 
formed a quite sizable part of our study. These data 
are needed for 

(i) the validation of the simulation model relative 
to the real-world system, 

(ii) the determination of factor values in subse- 
quent simulation experiments, aimed at investigating 
future developments. 

The simulation output consists of a snapshot every 
eight simulated hours of the system state, measured 
by a number of variables including utilized storage. 
The transient, initializing phase of the simulation run 
was first removed. As Fig. 3 illustrates, from the time 
sefiesYt we compute the average and quantile~ y, 

• ~0.90',~'0.9S arid y 1.o0. 

4. Utilizing simulation results 

As we mentioned in Section 1, we are not satisfied 
with a few ad hoe simulation runs. We wish to study 
the sensitivity of our results to the model's specifica- 
tions, to gain a general understanding of the real-life 
system behavior, to answer "inverse" questions, and 
to estimate possible interactions. 

Originally, we tried to combine an analytical solu- 
tion with simulation results as follows. A simple 
analytical model was developed based on queuing 
and inventory theory, besides common sense. This 
an~ytical model yielded results which were valid 
only under quite restrictive assumptions. Next, simu- 
!ation experiments were used to determine correction 

factors which would make the analytic~ restdts ap- 
plicable over a wider range. Unfortunately tiffs ap- 
proach turned out to be too rigid to give satisfactory 
remits for all situations. At that point of time the 
staff of ECT came hat. contact with a new working 
group of the Dutch society on operations research, 
studying the application iza simulation of the staffs- 
tical theory on experimental design. Experimental 
design theory has been developed since the 1920"s 
and has beer, widely applied in experiments in agri- 
culture, chemistry, etc. Its application in management 
and social sciences, however, is still in its infancy. In 
s.el.technical systems the scientific design of experi- 
ments is difficult and expensive (disruption of the 
organization). However, in a simulation model of 
such a social system, the experimental factors are 
completely under the scientist's control. Bonini [1 ] 
performed a pioneering study using experimental de- 
sign techniques in his simulation model of a firm. 
More recently the use of statistical design and analy. 
sis techniques in simulation has been propagated by 
Naylor [11], Mihram [I0] and Kleijnen [6]. In the 
foliowing sections we shall hwestigate in detail, how 
more general conclusions can be derived from simula. 
,ion experiments, by the combination of simulation 
models with analytical models and statistical tech- 
t,Aques. 

5. Regression metamodels 

Let x denote a factor influencing the outputs of 
the teal-word system. This f~ctor may be qualitative 
or quantitative, continuous or discrete, in Kleijnen 
[5, pp. 299-313] it is shown h~w we can represent 
a qualitative factor by dummy variables assuming 
only the values zero or one; if a qualitative factor 
assumes only two values then this factor is repre- 
sented by a single dummy variable with the values 
minus and plus one. The factors may further be 
partitioned into decision and environmental variables, 
i.e., variables either under management control or not. 
The response or output of the real-world system is a 
time series. (We shall concentrate on a single response 
variable; in the ca~ of multiple outputs we apply 
our procedure to each variable separately.) In order 
to compare different system configurations, we 
character~.e a whole time path by a smgte or a few 
mea~ares such as its average, standard deviation, c,r. 
relation coefficients, peak, slope of a fitted linear 
trend, etc. Let y denote a measure which character- 



54 LP.C. Kleiinen et ai. / Generalization of  simulation remits 

izcs a time path of the real-world system. Hence the 
response variable y is a fuaetion of the factors x: 

y = f ( x  . . . ,  . (5.0 
This system is approximated by a simulation model, 
wherey is a function e l k  factors x / q  = 1, ..., k), 
plus a vector of random numbers 7(remember that 
vectors and matrices are denoted by -+). Hence 

r-3 (5.2) 

,,,,:here k is much sm~er  than the unknown m in eq. 
(5.1) and g symbolizes the joint effect of all factors 
x ,'n eq. (5.1) not explicitly represented in eq. (5.2). 
The simulation model is specified by a computer 
program which is denoted by.f~ in ¢q. (5.2). The 
simulation model may be approximated in turn by a 
metamodel, within a specific experimental area E. 

We decided to use a metamodd that is linear in 
its parameters ~, but not necessarily in its indepea- 
dent variables since terms like x~ and x] can be 
utilized. A very simple metzanodel to express the 
effects of the k factors would be: 

Yt = f3o + ~txi~ + "'" + f3~z,~ + e~ 

(i = I, ..., n) 

f5.3) 

where in simulation run i (observation 0, factor ] has 
the value xi/. These values xii determmeyi linearly 
except for ei, the noise (disturbance, error) term 
which has expectation zero. 

Such a simple metamodel implies ~hat a change ha 
x] has a constant effect on the expected response, 
6(y) ,  namely gj. A more general metamodel assu~es 
that the effect of factor j also depends on the values 
of the other factors ] '  (j° ~ ]). This can be formalized 
as in eq. (5.4) where for illustration purposes we 
take k = 3: 

(5.4) 
+ (f312xilxi2 + f3~3xnxl3 + f323xi2xi3) + e i ,  

(i  = 1, .. . ,  n ) .  

Here the parameters or coefficients ~t2,/313 and [323 
denote interactions between the factors 1 and 2, t 
and 3, and 2 and 3. A graphical illustration of inter- 
action ha the case of two factors, is shown in Fig. 4: 
In case (a) :he curves are paraUe, i.e. the effect of x2 
on 60 ' )  does not depend on the level of x a- In case 
(b) the two factors are complementary, i.e., as x2 
increases the increa~ ha E(.y) is stimulated when the 
increase in x2 is accompanied by an hlcrease in x 1- 
In ca~ (c) the marginal output of x2 is much smaller 

Ely} 
Xl = +1 

Xl = - 1  

¢ >  X 2 
(a) 

E|yt 

1312 = O: no interaction 

X t = 

X I = 

-1 

-1 

I ~ x  2 

io} ~1~ > O: complin~ntary 

~:{y} 

(el 

Xl = . 1  

X 1 = -1  

_ _ _  _ _  _ X 2 
~ 2  t 0: suDstitvhon 

Fig. 4. Interactions. 

when more ofx l  is available which can be substituted 
for x2. 

As we shall see later on, we start by assuming a 
metarnodel like eq. (5.4), but next we test statisti- 
cally whether this assumption was realistic! If the 
assumption turns out to be unreasonable, we have 
several alternatives: 

(1) Make the metamodel more complicated by 
adding terms such as three-factor interactions. Since 
rite intuitive interpretation of such a model i~ diffi- 
cult, we prefer the next alternative. 

(2) Look for transformations of x. For instance, 
in our study we found that the response variable y 
reacted non.linearly to the variable x2 (inter-arrival 
time). However, the simple transformation I/x2 
(interarfival rate) resulted in a linear response fu~c- 
tion (keeping all other variables constant). We 
strongly recommended to look for transformations, 
from the very beginning of the study. If all rise fails, 
we may select option (3). 

(3) Reduce the experimental area E. In that ease 
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the conclusions of the simulation experL, nents have 
to be le~ general. Note that, if the only purpose of 
the metamodel is to f'md the optimal values of the 
x's, then a small area E is used, a metamedd fitted, 
and the direction of better x-values is determined; 
see [5] for details on this so-called Response Surface 
Methodology (RSM). 

After we have used the metamodd to meet the 
d ~ a n d s  of sensitivity analysis, optimization, and so 
on, we can return to the original simulation model 
to study the system behavior in detail. More on vari- 
ous types of metamodds can be found in [7]. A 
practical application besides the prbsent paper, is [8]. 

The parameters t~ in the above equations can be 
es t~ated and tested, using the techniques of regres- 
sion analysis. The main ideas of such an analysis will 
be summarized in the next section. 

6. Ordinary and generalized least squares 

In metamodels such as equation (5.4) we have one 
overall or grand mean Oo, k main effects/~, and 
k ( k -  1)/2 two-factor interactions (~#, q < / ' ) ,  all 
together (say) q parameters. It is convenient to de- 
note these parameters by #t through #q. The values 
of the independent variables in the n simulation runs 
are denoted by the n × q matrix o f  independent 
variables X: 

X = I 
I 

1 

1 

x t ,  ... x,p,, ( x l . k - l x , , k Y  

x : l  ... x v , ,  (x tx22)... 

x . l  ... 

(6.1) 

Observe ~ a t  the last k(k-1) /2  columns of X follow 
from the specification of the columns 2 through 
(k + 1). The latter k columns form the so-called 
design matrix; see Section 8. Using standard regres- 
sion notation, the familiar least-squares estimators 
follow: 

~_- (.,~,. ~ ) - t .  ,~, . ~ .  (6.2) 

In classical regression analysis it is assumed that the 
observationsyi are statistically independent with 
constant (homogeneous) variances o.,.2 = o 2. Under 
these "classical" assumptions the covariance matrix 
o f ~  is 

W" Y)-'. (6.s) 
In a simulation experiment the observationsyi 

can be made statistically independent indeed, hy 
using different sequences of random numbers per 
simulation run. Unfortunately, the observat~onsyi 
may show completely different (heterogeneous) 
variances o/2. Hence we introduce a diagonal matrix 
D with elements o~ on the main diagonal. It is straight- 
forward to derive that iv, this case: 

~2~=(X' -~ ~ -~ • X) - 'X'"  D" X" (X'- ,~0 -1 . (6.4) 

This rather complicated looking expression can be 
easily calculated using a computer program that reads 

..4, . . +  

in the values of X and D. Note that if we select an 
orthogonal matrix X, i.e. 
--~ -9 ,  

x '  x = hie" (6.5) 

then the estimated effects ~ remain correlated when 
the responses y have non-constant variances;see [ 15, 
p.33]. An example of an orthogonal matrix X will be 
given in Table 1 of Section 8. 

Note ~hat numerical accuracy aspects are discussed 
in [9]. These aspects become relevant if X is ill-con- 
ditioned (almost singular). In that case the variances 
of the estimators are large. See also [4, p.166] and 
[13, pp.4!-53] .  

An alternative to ordinary least squares (OLS) is 
generalized least squares (GLS). If the "classical" 
assumptions hold, then OLS is known to yield the 
best linear unbiased estimators (BLUE), where "best" 
means minimum variance, if these assumptions do 
not hold, then BLUE result if GLS is u~d: 

p (37' 
Their covariance matrix is 

ny  ~ - ) - t  (6.7) 
t~ 

If f'ej, is a diagonal matrix D, then GLS can be sim- 
plified° The resulting GLS procedure is known as 
weighted least squares, the weights for the observa- 
tionyi being inversely proportional to o~; see [4]. 
Unfortunately, GLS assumes that the covariance ma- 

..¢, 

trix ~y is known. Actually this covariance matrix is 
unknown ~o that we have two options: 

(1) Estimate the covariance mat,'L~ and substitute 
this estimator ~ in eq. (6.6). As Schmidt [ ! 3, pp. 
71-72] ~hows this new estimator has the same 
asymptotic distribution as the regular GLS estimator 
and remains uv.biased (ander certain mild technical 
conditions). However, its small-sample proporties 
are unknown v. 

(2) Continue using OLS, even when the classical 
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~ m p t ~  are not met. The OLS ~ t ~ a t o r  of eq. 
(6,2) ren '~,s  unbiased. 

Whether ~ ~ p a n y i n g  tom remain valid, w~  
be discussed in the next sections. We ~ give results 
for both options. In general, one might apply both 
OLS and GI~, and ~ that the two approach~ 
yield ~ same qualitative conclusions, More specif- 
ically, after we finished this study, a Monte Carlo 
experiment was performed for this p ~ l a r  case. 
study. The experiment showed 

(i) GLS with estimated covariance matrix gives 
point estimators fbr fl which have smaller variances 
than OLS. 

(ii) This GLS yields estimated variances which 
deviate strongly from the asymptotic formula, eq. 

Hence a rule-of-thumb is: Use GLS for point esti- 
mators, and OLS for tests and confidence intervals 2. 

Observe that other criteria than Least Squares 
can be used. For instance, we may wish to mimimize 
the sum of the absolute deviations. Intuitively ap- 
pealin: g is the minimization of the sum of relative 
errors, wh~h leads to a linear programming problem. 
Unforturtately, the properties of the resulting estima- 
tors are unknown, whereas for OLS and GLS we 
know that the estimators are BLUE, and we have a 
battery of statistica~ tests available. The criterion 
also affects the sensitivity of the resulting estimates 
to oufliers, i.e., wild observations ony oz x. Instead 
of selecting an esthnafion algoriflu~, we can select a 
matrix of independent variables X that minimizes 
the sensitivity of our estimates towards outliers. For 
references on these topics we refer to vaa den Burg 
et aI. [15, p.341. 

7. Tests for model valkla~n 

In this section we shall present two statistical 
tests for checking the v~di ty of the metamodel, i.e., 
for comparing the predictions of the regression model 
to its "true" values provided by the shnulation model. 
The f'u~t test is .~tandard in experimental design, but 
not m regression ~xmlysis as applied by management 
scientists. 

2 The estimates of the present stlzdy, namely # a r t d  ~/2 
served as "true" values in the Monte Carlo experiment. As 
X-matrices we used a 16 x I3 a.,tcl 26 X 13 matrix based on 
Tables ! ~ d  2 of the p~ese~ srady. The number of Monte 
Ca_rio repliealions was 250. For the exact input data see 
[!5,  pp.59-60, 63 ~ 

J *  

. y = f~x) 

D,X 

Fig. 5. Lack-of-fit F-tests. 

Z 1. The F-test for model lack-of-fit 

Strictly speaking, this test applies only under the 
classical assumptions of regression analysis, i.e., inde. 
pendent observationsy~ with constant variances 

= o ~. Moreover, the observations should be nor- 
really distributed. The derivation of this test is pre- 
sented in [15]. The underlying idea is illustrated in 
Fig. 5. The dots in that figure show how for a specific 
x-value the y-values spread around their true mean 
value) ~(y)  -- f@). The cur!y brackets denote the 
residuals, i.e., file deviations of the average response 
at a s pec!fic xffalue, from its fitted regression model, 
say>y =~o +~1" x. 

Some authors argae that this F-test is not "very" 
sensitive to non-normality and heterogeneous varian- 
ces. It still remains that the test may have small 
"power", i.e., it may have a low probability of detect. 
hag deviations from the nul-hypothesis, namely, the 
fitted regression model does provide good fit. In view 
of these results, we decided to compute this F-statis- 
tic, but we shall not base our acceptance of the fitted 
model exclusively on this test. A different approach 
~a.ll he discussed in a moment. Let us first examine 
the role of q, the number of parameters in the model. 

In general, the philosophy of science is to try and 
explain a phenomenon as simply as possible. More 
specifically, we often hypothesize that the param. 
eters fl of the regression metamodel are zero. The 
sign6ffcanee of an estimated regression parameter [i i 
can be tested by means of the Student t-test: 
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where ~ denotes the hypothesized value, usually 
zero. Since there are a great many degrees of freedom 
(o = 128), we replace the t-statistic by the standard 
normal variable. We can reestimate the metamodel, 
after one or more effects i~ are set zero. 

We may further test whether interactions should 
be included in the regression metamodel, tinder the 
classical assumptions an F-statistic can be used to test 
all two-factor interactions]ointly. Note that the 
above tests can also be applied in GLS. For more 
details see [15, pp.34-38].  

Z2. The t-test.for model validation 

For statistical reasons, and for its appeal to model 
builders and users, the following procedure is recom- 
mended. 

(1) Generate one or more new observations.ve 
using the simulation model. Each response Ye is then 
compared to the predicted value-fie which is based on 
the regression metamodel estimated from the old ob- 
servationsYi. 

(2) If the new responsesyg agree with the model, 
then the estimates of the model parameters [1 are 
made more accurate by adding the new observations 
~,,~, are recomputing the estimators [I. The procedure 
of step (1) is traditional in the validation of models. 
Actually, it may not be necessary to generate new 
observationsye: 

(i) In specifying and realizing the matrix of 
independent variables X we are liable to make 
errors. Indeed we made such errors in our expert- 
merit. Some of these "wrong" simulation runs 
could be used in the correct specification of X; 
the other runs provided the new observationsyg 
for validation. 

Ely) 

-1 0 

Fig. 6. Testing quadratic effects. 

t - - ' ~ ' X  

¢1 

(ii) Extra observations may also be provided 
by previous debugging runs. 

(iii) Moreover, we should simulate some condi- 
tions corresponding to the values that the factors 
usually assume in practice. These values will not 
be i,-~oJuded in X since X represents (reasonable) 
extreme conditions (x i = - l ,  xj = + 1) as we shall 
see in the next section. 

(iv) It is further wise to generate new observa- 
tions at the "center" of the design (x/= 0 for all 
factors]), in order to cheek whether pure quadratic 
effects of quantitative factors are zero; see Fig. 6. 

(v') A trick to obtain "new" observations, is to 
delete one observation i from the n "old" obser- 
vations; compute the estimators p ~0 from the 
remairfing (n -  1) observations~ ~, (i' :/:/), and pre- 

esttrr,,,~,.. ~ I~ i';see the discus- diet Yi using these " -*---~ 
sion oa jackkn~mg in [5]. 
Incorporating the "new" observafionsyg, we 

might estimate some new parameters, provided the 
new matrix X remains non-singular. Hopefully, the 
estimates of the new parameters turn out to be insig- 
nificant. Note that the t-test can also be used to com- 
pare the simulation output (~) to the real-life output 
0').  For a further discussion of statistical validation 
procedures we refer to [ 15]. 

8. Selecting the experknental design matrix 

In our case, as in most other situations, an exten- 
sive pilot phase preceded the phase of formal experi- 
mental design and analysis: approximate analytical 
models and solutions, debugging and verification 
runs of the simulation model, ad hoe simulation runs, 
general theory on inventories and queuing, common 
sense. This research showed that over a relatively 
large area the response variable (stacking capacity 
utilization measured by its average and quantfles) is a 
linear function of the independent variables x2 and 
x3 respectively, where x2 denotes the mean inter- 
arrival rate of ships and x 3 denotes the mean num- 
ber of days spent by containers ha the stacking area. 
"~,~is linearity was found, keeping all other variables 
constant. In the selection of a formal experimental 
design we start by assuming that no quadratic effects 
(and higher effects) are important, but leaving open 
the possibility of interactions among factors. Having 
specified the tentative form of the metamodel used 
to interpret our simulation runs, we have to specify 
the values of the independent variables that occur in 
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g ~  m ~ e l  In ~ present section we shall present 
~he general theoo, of experh~ental design focussing 
on our s ~  situation, and in the next section we 
~all  discass how the r e su l t~  design was applied in 
the ac~val siraation. 

As we shall see in the next section (Table 3), we 
w ~  to ~ d y  six factors, i.e. k = 6. Based on analyti- 
cal results for a simp|ified model, preceding explora- 
tory ~,nulafioa rare, and conunon sense, we believed 
1hat the following six mteracaons might be impor- 
tant: ~t2, ~13, ~23, /~ ,  ~2s, ~2s- Itence together with 
the six ~ effects ~! md the overall mean ~o, we 
need ~o esttmate thh-teen parameters/3. At this point 
we might ch,~eage the reader to ~l~ecify his design 
matrix, before reading the rest of this section! This 
is the traditional domain of experimental design 
theory. The results of this theory have been reported 
in numerous articles, textbooks, and tables. An exam- 
ple of a recent textbook is [3]. Results of irranedhate 
relevance to simulation experiments are summarized 
in [5,6]. The selection of experiments can be based 
on the following approaches. 

(1) Common sense, wha~ever that may mean: A 
popular belief is that a scientific experiment requires 
that all facto:s except one s h o u l d  b e  k e p t  constant 
when proceeding frcm one observation to the next 
one: cewris paribus or one-factor-at-a-tkme method. 

"factorial" experiments, howeveL ~ levels cf a 
factor are combined with all levels of each other fac- 
tor. Actu~y, factorial experiments aze more efficient 
since they yield more re[iable estimator3 of the maku 
effects; moreover, such experiments can ~ve esti- 
mates of the factor interactions; see [5, pp.289-290]. 
Unfortunately, the ~umber of combinations grows 
dramatically as the number of factors increases. In 
our case, even ff we examine only two levels per fac- 
:or, we have 26 = 64 combimfions. Sinr.e we con- 
jeeture t~tat only thirteen parameters are important, 
we are satisfied with much less then sixty-four obser- 
vations. We might select the factor combinations 
using common sense, or foUowing one of the next 
approaches. 

(2) Ad-hoe optimization ofdesCgn: We may use 
the computer to fred an "optimal" design, say, a 
design ~ g  the Mean Squared Error ~ISE) of 
the regression estimators where MSE equals vadzuce 
plus squared bias; see [ 12]. 

(3) Standard experimenta: design.s: Over die past, 
say, fifty years standard designs have been derived 
~auch a s  2 ~ - p  fractional factorial defigns. At ff~e end 
of this section we shall see how well these d e s i ~  

T a b l e  1 

E x p e ~ m e n t s l  d e ~  f o r  s ix  f a c t o r s  

R u n  2 4 5 6 1 (=56 )  3 ( = 4 5 )  

I + ÷ + + + -!- 

2 - + + + + + 

3 + - + + + - 

4 - - + + + - 

5 + + - + - - 

6 - + - + - - 

7 + - - ¢ - + 

8 - - - + - + 

9 + + + - - + 

1 0  - + + - - + 

I I  + - + - - 

12 - - + - - - 

13 + + - - + - 

14 - + - - + - 

15 + - - - + + 

1 6  . . . .  + + 

meet a number of requirements that may be formu. 
hated for experimental designs. First we shall present 
the design we actu~y used in our simulation experi. 
ment. 

Based on [5, pp.320-372] we propose the design 
specified in Table 1. In ~ table the two levels of a 
factor are denoted by + and - ,  shorthand for +1 and 
-1 .  We start by writing down all 24 combinations of 
the factors 2, 4, 5, ar, d 6. The levels for factor 1 are 
specified by pairwise multiplication of the elements 
in the columns of the factors 5 and 6. For factor 3 the 
columns of the factors 4 and 5 are used. The specifi- 
cation of the elements o fx l  through x6, i e. the 
design matrix, determines the remaining independent 
variables x tx2~ ..., x2x6. All thirteen cdunms are 
orthogonal. The reader can fmther check that, for 
instmce, the column for x4 is identical to that for 
~ e  interaction x3x s but this interaction was assumed 
to be zero from the start 3. 

Let us consider the advantages and disadvantages 

:~ F o r  r eade r s  fami l ia r  w i t h  ba s i c  e x p e r i m e n t a l  de s ign  m e t h o -  

d o l o g y  we  m e n t i o n  tha~ t h e  g e n e r a t o r s  1 = 56  a n d  3 = 4 5  

l e a d  t o  t h e  d e f i n i n g  r e l a t i o n  I = 156  = 345  = 1 3 4 6 .  H e n c e  

~he aline p a t t e r n  is 1 = 5 6 ,  3 = 4 5 ,  4 = 35,  5 = 16 = 34 ,  

6 = 15,  i gno r ing  i n t e r a c t i o n s  a m o n g  m o r e  t h a n  t w o  f a c t o r s .  

S e l e c t i n g  t h r e e - f a c t o r  i n t e r a c t i o n s  as g e n e r a t o r s  gives less 

d e s i r ab l e  c o n f o u n d i n g  in  o u r  p a r t i c u l a r  case .  F o r  i n s t a n c e ,  

s e l ec t i ng  a 26~72 des ign  w i t h  g e n e r a t o r s  5 = 123  a n d  

6 = ~24 resu l t s  h a l =  i 2 3 5  = 1 2 4 6  = 3 4 5 6  so  t h a t ,  f o r  

i n s t a n c e ,  13 = 25 ,  i .e . ,  t w o  p o s s i b l y  i m p o r t a n t  i n t e r a c t i o n s  

a t e  c o n f o u n d e d .  
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of the proposed design. Box and Draper [2] formu- 
hated fourteen criteria for judging an experimental 
design. We highlight the following requirements. 

(1)/. small number of runs n. Obviously, to esti- 
mate q parameters it is necessary that n >1 q. How- 
ever, n may be much smaller than 2 k, for instance, in 
Table 1, n = 16 whereas 26 = 64. 

(2) Maximum statistical accuracy, given the num- 
ber of runs. The requirements (1) and (2) may be 
specified differently in certain situations, namely: 
minimize the number of runs given a specified level 
of accuracy. If the classical assumptions hold, then 
the accuracy requirement is satisfied by choosing an 
orthogonal design; otherwise the selection of the 
design matrix poses a problem not yet solved; see 
[15, pp.39--40]. 

(3) Providing a measure for the adequacy of the 
fitted model. In Section 7 we derived that ff n > q 
then a lack-el-fit F.statistic exists. If besides the 
nC~ q) observations we have one or more runs, no) 
used in the estimation of the parameters, then "vali- 
dation" of the model is possible, using a t-test. 

(4) Desirable "confounding" (bias, alias pattern), 
i.e., if not ali factor effects can be estimated from n 
runs only, then main effects should be biased by high 
order effects (say, three-factor interactions), not by 
other main effects. The designs derived by experi- 
mental design theory immediately show how effects 
are biased by other effec :~; remember footnote 3. 

(5) Flexibtiity of the design. In many standard 
designs the number of runs n is restricted to a power 
of two (so-called 2 k-p designs) or a multiple of four. 
It remains possible to start with a small number of 
runs, to test the results, and to proceed to a larger 
design that yields more detailed estimates; so-called 
sequentialized designs; see [5, pp.344-345, 367-370]. 

(6) Numerical accuracy caused,by an ill.conditioned 
matrix X. An orthogonal matrix X eliminates such 
problems. When using normalized variables (between 
- 1  and + 1) we should not forget to translate the 
estimated effects back intc the original effects; see 
the next section. 

Remember, if the assumed metamodel turns out 
to be eompletdy misleading, then the "optimal" 
properties of the experimental design break down. 
For instance, if the interaction 45 in TaMe 1 is 
actually important then we cannot estimate the main 
effect of factor 3 since it is completely confounded 
with the interaction 45. To reduce the possibility of 
such occurrences, preliminary experimentation and 
analysis is necessary; lee also [5, pp.391-393]. 

9. The actual design, analysis, and results 

In the preceding section we specified our design 
in Table 1. In practice, we made additional debugging 
runs, committed errors in the specification of the 
design, etc. Consequently, we ended up with the six- 
teen runs specified in Table l,  plus ten more runs. 
The ten extra runs are shown in Table 2, where we 
list tile factors in the same order as in Table I. 

The variables as specified by the user may differ 
from the variables needed as input to the simulation 
model. In our case the user is interested in the effects 
of yearly throughput. This throughput is completely 
specified by ship size zl (number of containers per 
sMp) and interarrival rate of ships z2. The user 
thinks in terms of the independent variables "con- 
tainers per ship" z 1 and "yearly throughput" z~. We 
have to translate the latter variable z[ into "inter. 
arrival rate" z2 in order to run the simulation pro- 
gram. Combining the resulting extreme values for z2 
with z 1 would result in unrealistically high and low 
values for yearly throughput. Therefore we define as 
independent and orthogonal variables z 1 and z[, not 
zt and z2. The variables zl and z~ can be combined 
as in Fig. 7(a), whereas z l and z2 should be combined 
as in Fig. 7(b) where yearly production (in thousands) 
is shown in parentheses at the corners of the experi- 
mental area E. The variables zl and z~ yield a rect- 
angular experimental area E to which the experimen- 
tai design techniques of Section 8 can be applied. 
Note that the regression metamodel also contains 
the user variable z~, not zz. 

A third quantitative factor in our experiment is 
th~ number of days containers stay at ECT, the so- 
called dwell time. We further include three qualitative 
factors. The choice of these factors was based on the 

T a b l e  2 

E x t r a  r u n s  

R u n  2 4 5 6 l 3 

17 + + + + - + 

18 + - + + - - 

19 - + - + + - 

20 - - - + + + 

21 - + + - + + 

22 - - + - + - 

23 + + . . . .  

2 4  + . . . .  + 

25 - + . . . .  

26 . . . . .  + 
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°°I 

200- 

100,0o0 : ~__zJz 
500.000 

(a} Variables zl at'4 z~Z 

lo00~ (~00} ~5801 

200" i {580} {1001 

L-.~..- ~ . . . . .  : .>z  z 
3.5 175 873 

(b) Variables z~ and :'2 

Fig. 7. Experimental axea E. 

prelhnirary phase of our study. Quolita~e factors 
do not permit interpolation and extrapolatior~ If we 
wish to ~stimate the response tbr a factor level 
("value") not ~ l u ~  in the design, we have to run 
a new experiment with that level. Our approach is to 
study the qualitative factor for two levels only. and 
to hope that these levels show no effects. Then we 
may assume that the factor has no effect either for 
t~e other levels, so that th~ factor can ~e eliminated 
in t~ature experiments. Note that, ff the factor does 
show effects, we may try to quantify the factor. For 
instance, the Shave of a distribution function may be 
quantified by the variation coefficient, i.o., the stan- 
dard deviation divided by the mean. Obviously the 
quantification of a qualitative factor is a source of 
additional error. The user of our model is interested 
in the six factors and the ranges shown in Table 3, 
where - and + denote the extreme levels of the fac- 
tors. As we mentioned in the preceding section, we 
conjectured that interactions may exist between the 
factor 2 and the other five factors, and between the 
factors 1 and 3. 

Simulating the sixteen plus ten factor combina- 
tions yielded twenty-six ob~tvations on the average 
stacki~,.g utilization plus the 90%, 95% and 100% 
quantiles. To save space and avoid information over- 
load, we shall concentrate on a single dependent 
variable, the average, hence denoted by the usual 
regression symbel yi (i = 1, ..., 26). 

We will not present a great many tables with data 
in this survey article. Instead we highlight some out. 
standing data, and refer the reader to [15, pp. 57-68] 
for details. For illustration purposes Tables 4 and 5 
give a sample of the computer output. 

The results of the first sixteen runs show that the 
estimated variances ~,~ vary considerably, namely 
between 64 and 93,228. In other words, the classical 
assumption of constant variances, made by Ordinary 
Least Squares (OLS), does not hold. Hence General. 
ized Least Squares (GLS) might 1~e applied with an 
estimated cov~iance matrix° We apply both tech- 
niques since Jt was not clear which technique L~ supe. 
rior, and we hoped that the two techniques would 
not give con~-tis~g qualitative conclusions; remem- 

Table 3 
Factors and levels 

Factors Levels 

Normal + 

z 1 = M e ~  number of  containers n,oved per ship 
z 2 = Ye~ly throughput 
z 3 = Mean dweU time 
z 4 = Statistical distribution of the number of containers per shlp 
z 5 = Statistical distribution of the unbalance between loading and 

unloading of  containers per sMp 
z 6 = Pattern of arrivals and departures ( 2" containers from compound 

200 353 
100,00 281,000 

2 4.3 
constant empirical 

bad intermediate 
constant quadratic 

1,000 
500,000 

6 
exponential 

good 
lk'lear 
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Table 4 
OLS z'eg~ess~on estimates based on twenW.~ix ~ns 
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BOTH KEAN 

NUNBER OF RUNS FCJR L ~ , - E ~ T I M A T I 3 ~  I ~ ) :  
NUMBER O= RUNS FJR Vr-..R,i.FICAII-:]~,~ ( C ) :  
N~iMBE~o OF PARAMETE.~ IN C~0AT1,34 (C~) :  

THE FOLLOWING TRA~tSFO<M,~TI~r~S A~'r~L~' = 
PARAHETER L E V 3 L - i  LEVEL +i 

1 2 . 3 0  ¢C.~,  
Z 1 . 0 C  5 ° 0 1  
3 2 . 0 C  b.CC 
4 - 1 . 0 3  1 . ~  
5 - L ° C C  1 ° 3 :  
6 0 , 0 0  0 , 3 ~  
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l~ 
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3 

2 t  • 7,~8C l O . l i ~  3 . 7 3 : ,  >o2., 
i l  65 b. J,5~ 9.FvL j .~.~ >.-~ 

- 5 5 . 7 8 b  "~togOb -,.~, ; , o . =  
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Model validation ~or OLS (parameters based on twenty-six ~uns) 
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bet also the comments on a later Monte Carlo expe- 
riment i~ Section 6. 

we used the normalized variables x/ 
with - 1 ~ x / ~  1. We estimated their effects #1 and 
tested their significance via 6#. This could be mis- 
leading to the n ~ e  user of experimental design! 
Let z~ denote the o "nginal, uncoded factors with 
L/ < :i < H/. The~  z i are transformed into ff, e stan- 
dard variables xj with -1  < x ~ <  +1 by meam of 
line,~ transformation: 

a/ = 2/(Hi- L/) 
x/=a/z/ + b/ with (9.t) 

= H/)/tn/- r/). 
Hence 

i 
(9.2) 

T~ = a/{#/ + ~ b/,[3//,} (9.3) j'~j 

'y/f = al'af~jf . (9 .4)  

If there are no interactions (~//, = ~///, -'- 0), then 
~j = 0 implies "0 = 0. If there are interactions we have 
to be careful. The estimates of/3j have to be trans- 
formed into $/by means of eq. (9.3). The .~gnificance 
of the two-factor interactions is not affected: 

_ ~ii' -apf[l~f____ ~//, (9.5) t " 

The significance test~ for main effects and the overall 
effect are affected indeed. In our case s,udy the t- 
statistic .was, e.g., 30.85 for ~2 but only 0.06 for 72. 
In order of decreasing sigmficance we have for !3" 
~o, #2, #3, ~23, #~ and #~2 (remaining ~'s are insignifi- 
cant), whereas for ~ we have: "~23 and ~ 2  and the 
remaining ~'s are insignificant! So the interaction 
~23 becomes the most important parameter. There- 
fore we utilized the original variables z in the main 
part of our study. 

The analysis of the sixteen plus ten simulation 
responses by means of OLS or GLS, will be presented 
in several steps; see also Fig. 8 below. 

9. ]. Overall adequacy o f  the metamodel 

Before investigathag the individual effects, we 
examine the overall behavior of the recession model, 
i.e., hog, well do the regression estimates Pi predict 
t.he simulation observationsyi (i = l, ..., 16)? As we 
explained in Section 7 a crude overall test is the lack- 
of-fit F-statistic. This yields F = 3.50 whereas its 5% 

sig~tcance ievei is 2.60. T [~  crude test suggests that 
the metamodel does not give good fit. For GLS the 
lack-of-fit test is restricted bv one more assumption, 
namely known covariance matrix f~y, so that we do 
not discuss its result. We also test the validity of the 
regression model as follows. Compare the simulation 
responsey of some "new" factor combinations (not 
used for the estimation of  the regression parameters) 
with the predicted responses.l~. We have ten ~'new" 
combinations. We test the sigeAfieanc~ of  the devia- 
t~ony - ~  by means of the Student t-test. The maxi- 
mum of the resnl t lng t e n  ""'" '-- ........ ,-,~aues is i.67 for OLS and 
1.75 for GLS which suggests that the two regression 
models give a quite good explanation, using an "expe- 
rimentwise" error rate 4. Note that OLS and GLS 
minimize squared residuals. In practice we tend to 
focus on relative deviations ly -y l /y ,  but no statis- 
tic'd test is available. We may also compute the F- 
and t-tests using all twenty-six observations. The 
regalts might be interpreted as an indication that the 
GLS model is less adequate than the OLS model s 

9.2. Individual effects 

Having accepted the regression model, we s tudy  

the individual estimated regression parameters ~. We 
ebtained OLS and GLS estimates from sixteen and 
twenty-six runs (validation runs excluded and included 
respectively). We concentrate on the more reliable 
estimates based on all twenty-~ix runs. Both OLS 
and GLS yielded an extremely significant esthn~te 
for the i~teraction 23: t = 49 arid_ 64. So the inter- 

4 

5 

If the number of validation runs is c, then a ~izrL hcance 
level ¢ means that the expected numbel ~ significant 
(rejected) runs is as high as ¢ c, even if the mcta, nodel 
holds. To awAd too many erroneous rejections we :evb,ce 
a by a/c. This means that the type I or type a error is 
reduced :o its desired value, namely a. The type II or type 
# error, however, is increesed, i.e., it becomes more diffi- 
cult t¢ d,:tect an incorrect metamodel. For more details on 
"experimentwise" error rates aE versus "per comparison" 
error rates ~C we refer to [5, pp.526-532].  In our case, 
taking a E = 0.20 means that aC = 0.20/10 = 0.02 so that 
the signLqcance level is 2.326, much higher than the maxi- 
mum t-value of 1.67 and 1.75 respectively. 
For OLS the resulting F-statistic is 1.99 which is signifi- 
cant. A t-statistic might be computed for the: deviation 
y - . v  but  now y and j, are correlated so that the behavior 
of  the resulting test is less known. Anyhow, the maximum 
of the W~enty=six r-values is 2.42 which is insignificant. 
For GLS the maximum t-value is 3.90 which is sigmficant. 
This trade t-test might suggest that the GLS model is less 
adequate than the OLS model. 
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action between yearly throughput and mean dwell 
tLme, is extremely important. The effect 12, ship 
size/y~arIy throughput interaction, is significant at 
teaser able a-values: t = 5.5 and 7.9. The remaining 
main ~ffects, interactions, and grand mean are insig. 
nificant. Note that a per-con~parison error rate is 
appropriate when testing individual effects, since we 
evaluate each effect, independently of the size of 
other effects. 

9.3. Revised metamodel 

Parameters found to be insignificant in step (2), 
are eliminated, and the remaining parameters are 
reestimated. Upon studying ",he responses, espeeiaUy 
the residualsy - p, applying "common sense", cer- 
tain patterns emerged suggesting the relevance of 
some new interactions, especially the interactions 14 
and 15 which had been assumed to be zero in the 
derivation of the original design 6. Had we available 
the original design only, then this standard ortho- 
gonal design would have turned out to be very un- 
desirable! For the interaction 15 would be com- 
pletely confounded with the main effect 6, ff that 
latter effect exists. However since we have ten extra 
runs available, our matrix of independent variables 
can remain non-singular. Reestimating the old effects 
(thirteen altogether) plus some new effects (namely 
the interactions 14, 15, 16, 35) from the twenty.six 
runs suggests that the model with only the interac- 
tions 12 and 23 remains adequate. 

Instead of "backwards" elimination of insignifi- 
cant parameters, we may proceed from the other 
direction: In stepwise regression analysis we begin 
with as few parameters as possible, and hatroduce 
one new parameter in each step, selecting the (remain- 
ing) parameter which has a maximum correlation 
with the response variable; see [4, p.163]. Unfortu- 
nately, the standard program in SPSS-Statistical 
Package for the Social Sciences - which we used for 
stepwise regression cannot utilise the estimated vari- 
ances per run ~r~ since it uses an estimate based on 
residuals. Therefore we just mention that the effects 
were introduced in the order: effect 23, 12, 14, 4, 
24, 15, 3, 26, etc. 

The above discussion should make it clear that 
the specification of the regression model remains an 

6 Footnote 3 shows that 15 = 6 and 14 = 36, assuming no 
effects of eider higher than two. Interaction 36 was 
assumed to be zero, 
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Fig. 8. Summary of procedure. 

area which involves more than a statistical "bag of 
tricks". In the model's specification, testing, and 
respecification, subjective elements remain. This is 
the area of the experimenter's intuition, common 
sense, prior knowledge, time constraints, etc. It is 
reassuring to see that the most significant parameter 
in the metamodel for the mean capacity utilization, 
is the interaction 23 which was confirmed by a simple 
analytic model. A summary of our procedure is 
shown in Fig. 8. 

10. Conclusions 

The main practical result was that we derived a 
metamodel, i.e., a general formula, for answering a 
variety of questions, including "inverse" questions 
which would be difficult to answer without such a 
metamodel. This result was reached combining a 
variety of techniques, none of which was new: simu- 
lation, regression analysis (ordinary and generalized 
least squares), analysis of variance, experimental 
designs like 2 k-p designs, etc. However, we are not 
aware of any real-life study where all these techniques 
are combined. 

Most important in our opinion is the notion of a 
formal metamodel in the analysis of simulation expe- 
r~nents. These metamodels ~ould generalize ~ d  
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interpret the shmflation output. An important aspect 
of this interpretation is the concept of factor inter- 
action. 

Efficient exploration of the simulation space 
requires an experimental desigr~ Work on statistical 
d e ~  is abundant but unfamiliar to the majority 
of simuiation practitioners. Some practical hints are: 

(i) Use the original, uncoded variables, once the 
design has been selected. 

(ii) Use the user-variables instead of the simulation 
variables. 

(iii) Investigate transformations in order to realize 
linearity. 

The practitioners in the team at ECT, felt that the 
statistical techniques are worthwhile. For instance, 
t~ing to solve "inverse" problems without the recta- 
model was found to require excessive computer time. 
The statistical techniques can be learned without too 
many problems. It became obvious, however, that 
these techniques alone cannot solve the problem for 
the management scientist. The models and hypothe- 
ses to be evaluated by the statistical technique, have 
to be provided by management or by non-statistical 
disciplines such as management science. The use of 
the techniques leaves much freedom: freedom of 
L, lterpretation, choice of significance levels ~, etc. 
Hence an automated application of techniques is im- 
possible, though Fig. 8 may suggest otherwise. More. 
over, all statistical techniques are based on certain 
statL~tical assumptions such as constant variances, 
which are not satisfied in practice. Much work remains 
to be done on the development of more general and 
robust techniques. 

In the mean time, the practitioner must use his 
judgement in the selection of his statistical tools. 
Nevertheless we feel that the use of statistical tech- 
niques results in a more efficient exploration of the 
experimental area, and in a better idea of both the 
l~itations and the generalizatio~ of the simulation 
experiment. In this way, one important drawback of 
simulation is mitigated, namely its ad hoc character. 
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