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ABSTRACT

Large-scale computer simulations demand the avail-
ability of methods to plan for simulation runs, and to
Efforts to 1link input

to various output measures have ‘ised the expertise of

economlze on data requirements.

statistical experiment desien in the followin= ways:
(a) generating sub-fractions of a full factorial ex-
periment desien, still maintainine orthorsonality for
efficient estimation; (b) capitalizine on the pri-
mary network of synersistic and modulative interac-
tions so that those parameters can be planned into
the pre-processor requirements; (c) deriving methods
to conduct a profiling analysis on a set of output
measures of merit. The author has developed the
PRE-FRIM and POST-PRIM systems, the followines major
(a) pre-

processor types oriented toward screening versus es-

features of which are presented here:

timating synergies/antagonisms; (b) mathematical and
statistical requirements of orthogonality and balance;
(c) reeression-oriented software and PGST-PRIM pro-
filing approach to dealineg with output measures; use
of rotatable eraphics; (d) tracing *ime-indexed out-
put throush CTSS, a major component of POST-PRII to
monitor output trends.

1. INTRODUCTION

Comnuter simulation has heen aoplied to manacement
decisions in a varlety of settines such as queuine,
military battle manacsement, environmental and health
risk assessment. One simulates in order to answer
questions which are difficult to address analytically
when a larce number of input varameters are explored.
Yet, the larger the simulation model, the interrela-
tionship among variables and the relationship of in-

puts to output measures becomes difficult to analyze.

Metamodeline, as a technique, has been advocated
to link inputs ‘o outputs (Kleijnen 1975; Law and
Kelton 1982). The objective in metamodeline 1s to
derive a suitable linear or non-linear resression

function relatinz input variables to an output cri-
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terion., The reeression coefficlents of *he inout va-
rameters can be tested statistically and reduced to
an efficient minimum. Expected values can be substi-
tuted for subroutines which are non-sienificant and

result in economy in computer run time.

The importance of planning for the simulation runs
using orthorsonality principles of statistical experi-
ment desien in order to increase the reliability of
results has been stressed by Gardenier (1982, 10Rf),

In PRE-PRIM, the resultant pre-processor desiens are
In

POST-FPRIM, metamodel regression equations are submit-

interfaced with metamodeline reegression software.

ted to a profilinz analysis and interactive eraphical
evaluation. Time-series oriented tracine of crite-
rion measures is accomplished by CTSS, a sub-component
of POST-PRIM. The procedures embedded in FRE- and
POST-FRIF thus increase the likelihood that the best
combination of inputs are used to increase the effec-
tiveness of the output varlables.

2. PRE-PROCESSING CONSTRAINTS Tk SANFLE SIZE

In desienine real-world exveriments or computer
a full factorial or Zalois field is
Within this context, the

simulation runs,
often considered initially.

number of runs or trials can be determined by:

where n refers to sample size or the number of runs,

1 refers to the number of levels or nartitions in each
inout variable, and k to the number of factors or

variables, For example, a 2-level desirn with six
variables would call for 32 runs, a 3-level desien

with 4 variables would need £1 runs.

A full fac*orial desien can be interfaced with
multivariate recression software. The outvut would
yield unbiased, orthoconal estimates of all main
effects, all two-way interactions, 3-way interactions,
up to n-way interactions of model input parameters as

well as a constant and error term.



When a larse number of input variables exist, as
often is the case in larre-scale computer simulations,
full factorial designs are infeasible and uneconomical.
Tnteractiolns of hisher order than second order are
usually non-sienificant and bevome difficult to inter-
Then it 1s possible to use fractional factorial
They offer orthogonal estimates of all maln
effects and a subset of 2-way interactions for a frac-
tion of the experiment costs of the full factorial.
Fractional replicates can be constructed from a 2P

factorial desien bty defining p oririnal defining
1

pret.

desirFns.

contrasts for partition. This generates 2P=1 other
defining contrasts, the principles of which exist in
modulo notation. For example, a % replicate of a full
factorial desisn can be constructed by one definine
contrast, a + replicate by two defining contrasts.

As an illustration, let us consider a A-variable
desien which has input factors A, B, C, D, E and F.

If we wish to reduce the total number of trials to
one-eishth of what would be dictated in a full facto-
rial desien, the experimenter would need to specify 3
definine contrasts. Let us assume that we specified
them to be the 3-way interactions ABC, ADE and ECF.
Takine all combinationns of the variables and using
modulo notation, the following additional contrasts

would be generated:

(AxC) (ADE) = (> BCDE=BCDE
(ABC) (2CF) = A F2 ¢ ¥ = A F
(ADE) (3CF) = AECDEF

(a2c) (ADE) (BCF) = A2 )R {2 DEF=DEF

The confounding pattern shown above may not suit
the interests of the specific vuser. Therefore inter-
action 1s needed between the simulation user and
desien minimization comvonent of pre-processors in
order to attain a suitable subset of interactions

which will be estimated orthosonally.

Fedorov (1972) summarized the procedures to
construct optimal desiesns which maintain orthogonality
and balance in the input study desisn matrix X . D-
optimal ddsiens minimize the determinant of the inver=~
se of CX‘X]:A—optimal desiens minimize its trace; E-
optimal desisns minimize its maximal eirenvalue.
Fractional factorials have also been classified by a
"resolution" concept. In Resolution II] desiens, some
2-way interactions may be confounded amonest themsel-
ves and with main effects. Resolution IV desiens
assure that 2-way interactions are not confounded with

main effects, but they may be confounded amon~them-

selves. Resolution V designs assure that 2-way inter-
ac*ions are not confounded with main effects or amone
themselves and are most preferable to use from a sinu-

lation standpoint.

3. PROTOTYPE DESIGN PLANS

Pre-processor plans may be classified into the

followlng catersories:

(a) screening designs which are derived from
Hadamard matrices; they estimate only main effects,
Orthogonal estimates for k number of input factors
may be obtalned with these designs with as few as k+1
runs or observations. In these designs only two levels

are used; non-linearities are unestimable.

(b) fractional factorials at two or three-levels;
Taguchi (1986) has systematized a number of these plans
within the Quality Function Deployment context.

action patterns are displayed in the form of linear

Inter-

grarhs or triangular matrices in Taguchi plans.

(¢) 1lattice desiens used in mixture experiments;
the sum of relative preference amons alternatives is
set to 100%. A q-dimensional factor space is repre-
sented by a q-1 dimension polyhedron; a polynomial of

degree n is solved for to obtaln the optimal mix.

(d) Latin squares and Graeco-Latin squares which
estimate no interactions but may handle 3 or more level
factors. The levels of all factors need to be equal.

Graeco-Latin squares handle four factors; Latin squares
use three factors.

The following section presents a contextual appli-

cation for a number of these desiegn plans.

4. APFLICATION OF VARIQUS PRE-PROCESSORS

The context for the choice and use of fractional
factorials, interaction designs and mixture experiments
will be ¢iven here as applied within a Monte-Carlo

layered defense model setting.

4.1, Fractional Factorials

A number of main effects and a subset of inter-
actions were explored, as described in Prouse and
Gardenier (1987). A sequence of fractional factorials
reduced the full factorial design requirements by %
at each stare. An example of the use of 10 parameters,
five main effec's and five interactions in the input

desirn matrix of the pre-processor is shown in Table 1.
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Table 14

PLATFORMS THREAT Py
LN T T T
1 - - - -
2 + - - -
3 - + - -
4 + + - -
5 - - + -
6 + - + -
7 - + + -
8 + + + -
9 - - - +
10 + - - +
1" - + - +
12 + + - +
13 - - + +
14 + - + +
15 - + + +
16 + + + +
A total of 16 simulations represent 3 fraction of the
25 or 32 observations which would have been requlred
in a full factorial. Results obtained for a number
of output parameters; e.c., leakage, time to RV im-
pact, CP" time, were analyzed by a multivariate res-
ression routine in order to estimate coefficients. An

equation was formulated for each output parameter in
the format showing the rezression constant and regres_
sion coefficients associated with each main effect and

interaction. For examplet

X5
+
+

+

+ + 1+

+

Y=73.7-8.1X1+4,4XxX2-3.0X3-1.7 X4 - 4,.5X5
+ 1.4 X1x2 + .2 X1X3 + .1 X1X4 - .8 X2Xk - .LX3X4

The coefficients of each output variable were evaluated

statistically through the t-value of each coefficient.
Only those parameters with significant coefficients
were included in the next stage of model ceneration;
in this staze the multivariate resression alporithm
was applied again, using only the subset of critically
relevant input variables.
above, X4 and all interaction terms associated with it
were non-significant. The second stage model thus
becames

Y=73.7-2.1X1+4b4X2-31X3- L,.< X5

+ .3 X1X3 + b X1X4 - .5 X3Xb

Usinz the simpler model resulted in an increase in the

coefficient of determination from .86 to .88.

4,2, Mixture Experiment

In a similar context, the query was formulated as
to whether a model subsystem dealing with battle mana-
gement weights had a significant effect uvpon the out-

put. This subsystem was a man-in-the-loop confizu-

For example, in the equation
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Fractional Factorial Design with 5 Maln Effects and 5 Interactions

Prrack RweapoN

>
>

N XNag o XX XXy XX
+ + + + +
- - - + +
- + + - +
+ - - +
+ - + + -
- + - + -

- - + - -
+ + - - -
+ + - - -
- - + - -
- - + -
+ - + + -
+ - - - +
- + + - +
- - - + +
+ + + + +
ration; the user interfaced with the battle manacement

process rating, on a scale from O to 10, the impor-
tance to be given to five characteristics such as

RV impac* time and kill probability. In this context,
the user decides on relative merits based upon compe-
titive preferences, not on ‘he assumption of indepen-

dence inherent in full or fractional factorials.

With five input factors, the pre-processor used
21 runs, the mixture components of which are shown in
Table 2. The first 5 trials =zave held each of the
five factors at hicshest weleht, givineg zero weight to
the remaining four. The next 10 observations took
combinations of two out of five in each run, fivine
them a weicht of zero and a weight of .33 to the re-
malning three variables. Five trials were also allot-
ted to a scheme, =iving a welsht of zero to each vari-
atle in turn and equal weirhts to the remaininz four.
The twenty-first or last run apportioned equal weight
to all the five input variables. The desien matrix
and associated results was, arain, submitted to multi-

vailate refression analysis.

4.3. TInteraction Desi-n Cons‘tituents

A researcher is usually interested in synerristic
effects of a specific pattern of sub-component input
variables. In military battle-manancement oriented
simulations, we may be interested in the decree to
which electoric counter measures and decoy use enhance
the probability of success more than what would be
expec‘ed 1f each were used sincly. Such synerries can
be evaluated reliably if they are incorvorated into the

pre-processor as rows of the orthoronal input matriv.



Table 21

Preprocessor Desirn Combinations in a Mixture kxperiment

# RVNUMBER TARGETTYPE IMPACTTIME KILLPROB PLATFORMRES
1 0.000 0.000 0.000 0.000
2 0.000 0.000 0.000 (1000} 0.000
3 0.000 0.0 000} 0.000 0.000
4 0.000 [(1.000] 0.000 0.000 0.000
5 0 0.000 0.000 0.000 0.000
6 0.250 0.250 0.250 0.250 0.00
7 0.250 0.250 0.250 0.250
8 0.250 0.250 0.250 0.250
9 0,250 0.250 0.250 0.250
10 [0.000 ] 0.250 0.250 0.250 0.250
11 0.333 0.333 0.333 0.000 0.000
12 0.333 0.333 0.000 0.333 0.000
13 0.333 0.333 0.000 0.000 0.333
14 0.333 0.000 0.333 0.333 0.000
15 0.333 0.000 0.333 0.000 0.333
16 0.333 0.000 0.000 0.333 0.333
17 0.000 0.333 0.333 0.333 0.000
18 0.000 0.333 0.333 0.000 0.333
19 0.000 0.333 0.000 0.333 0.333
20 0.000 0.000 0.333 0.333 0.333
{21 [0-Z00 0.200 0.200 0,260 0.200]

Tables 3 and 4 encapsulate an examvle of this tyve
of formulation. In Table 3, a set of interactions of
interest which need to be formulated are displayed.
These interactions are amons 3 variables, four of
which relate to database changes and four to man-in-
the-loor oriented human factors in a simulation envi-
ronment. Thus, X1-X4 are called input variables and
X5-X° process variables. The cluster of. interactions

specified are denoted with arrows.

Table 3: Formulated Cluster of Interactions
in a MKan-in-the-Loop liodel
Input L1 *x2 X3 X4
Frocess X5 XA X7 X8

Table 4 shows a way of translatine the set of
interactions formulated into a metamodeling recression
framework. A total of 14 recression parameters are
~enerated, 2 main effects exnlorins the variables
sinvly and 4 in combination, These are expressed in
multivariate model form which can be reecressed arainst
an output criterion varjable such as vercent effective-
ness of the battle manavement stratecy used in the
specific scenario. This snmecific nreprocessor desirn
required 47 simulation rur~ of the model in a user-

orlented interactive system.

Table 43 Regression Metamodel Inputs of

the Variable Interaction Cluster

Primary Interactions of Interest

Input Frocess
1. X1 X3
2. X2 X5
3. X6
L, X7
5. X3 X7
6. Xb X7
Multivariate Model Form
Y = b0 + b1 X1+ b2 X2 + b3 X3+ bu X4
:b5X51b6X6:b7X7:b8X8
(Additional Interactions)
* by X1X8 # b X2X5 + by, X2X6
+ b12 X2X7 + b13 X3X7 + b1u Xux?
+ error

S. COEFFICIENT ESTIMATION AND INTERPRETATIVE GRAPHICS

The coefficlents estimated through the applica-
tion of multivariate regression analysis are then
used to formulate an equation which has been denoted
as a meta-equation for surrogate models within the
The reliability
of the overall equation is the coefficient of deter-

milltary tattle-manacement milieu.

mination or the square of the multiple correlation
coefficient used by statisticians.
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Interpretative evaluations of the model can be en-
POST-PRIIM inclu-
des 3-dimensional rotatable graphics where the value of

hanced by the use of graphical tools.

the output can be plotted for any combination of input
variables. The response surface displayed gives the
uder a feel for how a variation in input variables
affects output. Tradeoffs can also be explored by
holding the value of the criterion measure, Y, cons-
tant and displayine the value of three different in-
puts. Figure 1 shows a display of this type. The
three axes show the plane created by the variation of
three variables as well as the expected ranre of model

variability.

) o |

] ////\k
T
1] 7o
| o—]

(2)

Figure 31

POST-FRI} also includes a multiple criterion out-
out screenineg module for criterion measure profiline
analysis. The interplay of various endpoints and the
importance of multivle criteria has been explicated by
Zeleny (1977).
the multicollinearity of outout variables and leads to

POST-PRIV profilins takes into account

data efficiency by eliminatine partially the data col-

lection burden of monitored-studies (Tardenier, et. al.

1989).
6. MONITORING USING CTSS Ik POST-FRIK

Adaptive indices for monitoring, the Transitional
State Score (T3) and the Cumulative Transitional State
Score (CTSS) developed by >ardenier (1982 b) are also

incorporated into FOST-PRII, They have proved to be
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versatile indices for analysis and display and use
discrete partitioning of time-series data. ''ser interw
face with an evaluative scheme to time-indexed chan-

ges adds unlqueness to the method. Shift in trends
are graphically displayed and can be tested by nor-
An 1llustrative

Neither a plot of

parametric statistical procedures.
sample graph is shown in Firure 2.
orieinal values, nor Autoresressive Inteerated Movine
Average techniques (ARIMA) as described in Fox and
Jenkins (1976) would entail the clarity in display
and show the change in trend near the terminal point

of the time-serlies in the first part of Ficure 2.

\‘\

35

Rotatable Response Surface Sample Display used in FOST-FRT!

A, LCONCLUSTONS

This presentation has demonstrated the importance
of (a) pre-plannine for simulation runs in order to
reduce the experimentation costs and increase reliabi-
1ity of resilts, (b) post-processins of metamodels
with interactive rraphics, multi-criteria profiline
and monitorine indices. The various components of
18- and TOST-TRIM developed by the present author
assist larce-scale computer simulations in this effort.
Competitive preference decision modsl ean Ye offcoti-
vely analyeed and displayed vein~ the svrrocate model-
ine procedires discussed atove. The utility-oriented
resression equatior, alon: with the rre- and post-
analysis coronents of the system descrihed here, cre-

ares an effrctive tool for decision makin-.



Graph of CTSS over Time

Graph of TS Scores over Time L

Fizure 2: Adaptive lonitoring Index of POST-FPRIM
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