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ABSTRACT

In this tutorial paper we gilve a general introduction
to verification and validation of simulation models,
define the varicus validarion techniques, and present
g recommended model validation procedure,

L. INTRODUCTLON

Simulation models are often used to ald in decision
making and problem-solving. The users of these madels
are rightly concerned with whether the models and
information derived from them can be used with confi-
dence, Model develepers address this concern through
model veriflcalion and validation., Model validation
is usually defined to mean ''substantiation that a
computerized model wichin its domain of applicability
passessaes a satisfactory range of accuracy consistent
with the intended application of the model"
[Schlesinger, et al. (1979)] and is the definition
weed here, Model verification is frequently defined
as ensuring that the computer program of the computer-
ized model (i.e. the simulator) asnd its implementation
is correct and will be the definition used here. A
related toplc is model credibility or acceptability,
vhich is developing in the {potential) users of in-
formation from the models (e.g. declslon—uakers),
sufficient confidence in the information that they

are willing to use it.

A wodel should be developed for a specific purpose or
use and its validity determined with respect to that
purpose. Several sets of experimental conditions are
usually required to define the domain of the model's
intended application. A model may be valid for one
set of experimental conditicns and be invalid in an-
other. A model is considered valid for a sct of
experimental conditions 1f its accuracy is within the
acceptable range of accuracy which is defined as the
amount of accuracy required for the model's intended
PULPOSE.

Ihe substantiation that a madel is valid, 1.e. model
validation, is part of the total meodel development
process and Ls itsell a process. This process con-
sists of performing tests and evaluations within the
model development process to determine whether a moadel
is valid or not. Usually it is not feasible to deter-
plete domain of its intended application. Instead,
tests and evaluations are conducted until sufficient
confidence is obtained that a model can be considered
valid [or its intended application [Sargent (1982,
1984) and Shannou (1975, 1981) |.

Recent research [Gass and Thompson (1983), Sargent
{1981, 1982, 1984), and Schlesinger et al. (1979)] has
related model validation and verification to specific
steps of the model development process, We will
follew the development of [Sargent (1982, 1984)] and
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use T'igure L. The problen eniify is rhe system {(real
or proposed), idea, situation, policy, or phenowmcna Lo
ke modelled; the conceplual moded is the mathemabical/
logical/verbhal representation (mimic) of the problem
entity developed for a particular study; and the
computesized meded is the conceptual model implemented
on a computer. The conccptual model is developed
through an anafysis and modelfling phase, the computer-
ized model is developed through a computet proghamming
and Lmpfementation phase, and inferences about the
prohlem entity are obtained by conducting computer ex—
periments on the computerized model in the expefimen-
tation phase.

We rclate validation and verification to this simpli-
ficd version of the modelling process as shown in
Figure 1. Coenceptual modef validity is defined as
determining that the theories and assumpticns under—
lying the conceptual model are correct and that the
model vepresentation of the problem entity is '"reason—
ble" for the intended use of the model. Compuferized
model verlfication is defined as ensuring that the
computer programming and implementation of the concep-
tual model is correct. Operational validify is de-
fined as determining that the model's output behavior
has sufficient accuracy for its intended purpose or
use over the domain of the model's intended applica-
tion, Pata validity is defined as ensuring that the
data necessary for model building, model evaluation
and testing, and conducting the model experiments to
solve the problem are adequate and correct,

Several models are usually developed in the nedelling
process prior to obtaining a salisfactory valid model.
Puring each model iteration, wodel validation and
verificarion are performed (Sargent {(1984)}. A varie-
ty of (validation) techniques are used, which are
deseribed below. Unfortunarely, no algorithm or pro-
cedure exists to select which techniques to use. Some
of their attributes are discussed in Sargent (1984).

2, VALIDATION THCHNIQUES

This section describes various validation techniques
(and tests) used in model verification and validation.
Most of the techniques described here are found in the
literature (see Balci and Sargent (1980, 1884) and
Sargent {1982) for a detailed biblicgraphy], although
they may be described slightly differeat. They can be
used either subjectively or objectively., (By objec—
tively, we mean using some type of statistical test

or procedure, e.g., hypothesis tesls, goodncss—of-fit
tosts, and confidence intervals.) A combination of
technigques is usually used. These techniques arc used
for verifying and validating both the submodels and
the overall model,

Comparison Lo Othen Models: Various results (e.g.
outputs) of the simulation model being validated are
compared Lo results of other (valid) models. For
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Figure 1: Siwplified Version of Modelling Procass

eranple, slmple cases of a slmulation model way he
compared o wnown vesults of analytic nodels. (In

some cases, the nodel being validatved nay requive
winor medifications to allow comparisons to be made
botween Lt and analytic models.)

Degenenate Tests:  The degeneracy of the model's be-
havior is bested by removing porcions of the model or
by appropriate selection of the vatues of the Inpat
paramcters.  Yor example, does Lhe aversge nusber in
the queus of a single server continue to increase with
rospect to time when the arrival rate l¢ larger than
the vice rale.

Evont Valididy: The "events" of occurrences of the

simulation model are compared to these of the real
gystenm to determine 1f they are the same, An esamnple
of events are the deaths in a gilven fire department
sinularion.

Extueme-Condition Tesds: ‘lhe model structure and out=
put should be plausible for any extreme and unlikely
combination of levels ol factors in the system, e.g.,
if In-process inventories are zero, production out-
put should be zero., Also, the model should bound and
restrict the behavior outside of normal operating
ranges.

Face vabidify: Face validity is asking people know-
ledgeable aboul the svsten whether the model and/or
its behavieor is reasonable,  This technique can be
used in deterwining if the logie in the wedel flow-
chart is corveet and, if a model's inpul-output vela-
tionships are reasonahle.

Fixed Values: fixed values are used for all model
input and internal wvariables. This should allow
checking the model results against hand calculated
values.

Histonical Pata Validation: 1f hisrorical data exist
(or if data dis collected on a system for building or
testing the model), part of the data is used to build
the model and the remaining data is used to determine
(test) if the model bebaves as the system does. (This
testing is conducted by dyiving the simulation model
with either Distributions or Traces [Balei and
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Sargeal (19822, 1982L, 1983a)1).

Ihree historical methods of val-
peelism, Erpladedsn, and Posifive
onalism assunes that everyone knows
whether thP underlying assumpllions of a4 model are true.
deductions are uscd from these assunptions
to develop the correel (valid) wodel. Empiricism re-
quires every assunplion and oulcome to be empivically
validated. Positive Economics requires ounly that the
model be able to predicl the [ulure and Is not con-
carned with irs assumptions or structure (causal re-

Then logiec

Tationships or nmechanisms),

Tnternat Valddidy: Seversl re
stochastie model are made to
internal stocha variability in the wodel. A bigh
amount of iry (lack of consistency) may cause
the model's results to be questionable, and, if typ-

ical of rthe problem entity, wmay question the appro-

priateness of the policy or system being dinvescigaled,

licatlons {runs) of a
termine the amount of

Multisfage Validaiion: Naylor and Finger (1967) pro-
posed combining the three historical methods of
Rationalisw, Cmpiricism, and Posltive Fconomiecs inte
a multistage process of validation. This validation
method consists of (1) developing the model's assump=
tions on theory, ohservations, general knowledge, and
intuicion, (2) validating the model's assumptions
where possible by empirically resting them, and (3)
conparing (testing) the input-output relationships of
the model to the real svstem.

Operutional Guaphics [aniration): The model's opara-
tional behavior is dlsptayLd graphically as the nodel
moves through time. UExamples are (1) the graphical
plor of the status of a server as the model moves
through time, i.e., 1s it busy, 1ldle, or blocked, and
(il) the graphical display of parts moving throuzh a
factory.

Parameten Verlabdily - Seasitivlty Analysis: This
validation technique consists of changing the values
of the input and internal paramscers of a model ro
determine the effect uwpon the wodel and its output.
The same relationships should ccceur In the model us

in the real system. Those paramcters which are sensi-
tive, l.e., cause significant changes in the nodel's
behavior, should be made sufficiently accurate prior
ta using the model. {This wmay require iterations in
model development.)

Predictive Validation: The model is used to predict
(forecast) the svstem behavior and comparisons are
made to determine 1f the system behaviar and the
model's forecast are the same. The system data may
come Irom an operational system or specific experi-
ments may be perforued, e.g., field tests.

Thaces:  the behavior of different types of specific
entities in the model are traced (followed) through
the model to determine if the model's logic is correct
und if the necessary accuracy is obtained.

Tuning Tests: People who ave knowledgeable about the
operaticns of a systen are asked 1f they can discrim—
inate between systen and model outputs. (See
[Schruben (1980)] for a statistical procedure for
Turing Tests.)

3. DATA VALIDITY

Even though daca validity 1s usually not considered



”

parc of model verification and validation, we

it because 1t is usuwally dif
cud voslly to obtaln soffi

priate data, and is freguently the remsou that initd
attempfs to {date a model fail, Basically, data
needed [er these purposses:  Zor bullding the concep-
tuzl wodel, for validating the model, aad for perform-
ing experiments with the validated model.  To model
verification and validation, we are concernsd only
with tiae first two types of data,

To build o conceptual model, we must have sufficiecnt
data about the problem eabity in oxd to develop the
mathematical and logilcal relationsh in the model
for it to adequately represent the problew enlity for
ite dneended use. Tt is alse highly desirable to have
data to develop theories that £ be used in huilding
the nodel and reo test trhe model's underlying assump-
tions, The sacond type of date desired is behavior
data on the problem entity to be used in the ovpera-
tional validiry step of comparing rhe problenm earity's
behavior with the nmodel's behavior. (Usually, these
data are system input/outpur data.) If these data are
not available, high model-confidence usually camnot be
obtained because sufficient operational validity can-
not be achleved.

The concern with data is that appropriate, accurate
and subficient data are available, and if any data
transformations are made, such as disaggregation, they
are correctly performed. Unfortunately, there is not
much thac can be done to ensure that the data are
correct. The best that one can do iz to develep good
procedures for collecting data; test the colleocted
data using such technigues as ifnternal cousisteacy
checks and screening for cutliers and determine if any
outliegrs found are corregt; and develop good pr
dures Lo properly malotain the collecved data.
amount of data is large, a data base should be devel-
vped and naintained.

4. CONCEPTUAL MODEL VALIDATTON

Concentual model validity is determining that the
rheori and azsumprions underlylng the conceptual
model are correct and thart the medel representation of
rhe problen entity and the model's struccure, logic,
and mathematical and causal relationships are "reason-
able" for the intended use of the nodel. The thoories
and assumptions underlying the model should be tested,
it possible, usinz machematical analysis and statisti-
cal methods on problem entity data. Exawples of
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theorizs and assumpiions are lineavity, independence,
stationary, and Poisson arrivals, T¢xamples of appli-
cable atatistical mothods are fibcing distributions to
date, estimating pavamcter values, e.g., moan, vari-
ance, and the correlation between data observations,
and plocting dava to see if it is stabionary. In addi-
rion, all theories used should be reviewed Lo ensure
they were applied corvectly; for exauple, if a Markov
chain 1s used, ave the states and bransition proba-
bilities correcc?

Next, each submedel and the overall nedel must be eval-
uated to determine if their abstractions are veasouable
and correct for the intended use of the model. This
should include determining if the appropriate detail
and aggregate relationships have beaen used for the
model's intended purpose, and if the appropriate
structure, logic, and mathematical and causal relation-
ships have been used. The primary validation tech-
niques usad for these evaliations are face valldiation
and traces. Face validation is having an expert or
experts of the problenm entify evaluate the conceptual
model to determioe 1f they believe ir is corrvect and
reasonable for its purpose. This usually means exam-
ining the [lowchart wodel or the set of model equa-
civus. The use of traces is the tracking of entitiles
through cach subvodel and the overall model to deter—
mine if the logic is corrvect and the necessary

accursey is maintaioed. TF any errors are found in
the conceptual model, it must be revised and concep-
tual model validation performed again.

5, COMPUTERIZED MODEL VERIFLCATION

Conputerized model verificatlon {s ensuring that the
couputer programming and implementation of the concep-
tual medel is correct. To help ensure that a correct
computer program 1s obtained, program design and
development procedures found in the field of Software
“ngineering should be used In developing and imple-
meating the computer program. These include such
techniques as top~-down desigu, structured programming
and program modularity. A scparate program wodule
shauld be used for each submodel, the overall wodel,
and for each simulation Function {(e.g. time=flow wech-
anism, random number and raondosm variate generators,
and dntegration routines) when using general purpose
higher order languages, e.g. FORTRAN, and wherc possi-
ble when using simularion languages [Chattervgy and
Pooch (1977)1.

One should be aware that the use of different types of
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computar languages effects the probability of having

a corvect program. The use of a special purpese sim~
ulation languapge, if appropriate, genarally will
result in having less errors than Lf a general purpose
simulation Ianpuage is used, and using a general pur-
pose simulation language will gemerally result in
having less errors than if a general purpose higher
order language is used. HNot only does rhe use of sim-
ulation languages increase the probability of having a
correct program, they also reduce programming time.

After the computer program has been developed, Imple-
mented, and hopefully mast of the programming 'bugs”
removed, the pragram must be tested for correctness
and accuracy. First, rhe simulation functions should
be tesred to see 1f they are correct. Usually
straight forward tests can be used here to determine
if they ave working properly. Next, each submodel and
the overall model should he tested to see if they are
carrect. Here the testing is much more difficulc.
There ave two baslc approaches to testing: statle and
dynamic testing (analysis)[Palriey (1976)]. In static
testing, the computer program of the computerized
model i1s analysaed to derermine if it is correct by
using such techniques as correctness proofs, struc-—
tured walk-through, and examining the structure prop-
erties of the program. The commonly used structured
walk—throeugh technlque consists of each program
developer explaining their compucer program code
atatament hy statement to other members of rhe model-
ling team until all are convinced it is correct (or
lncorrece).

In dynamic testing, the computerlized model is execubted
under differant condicions, and the values obtained
are usad to determine Lf the computer program and its
implementations are correct. This includes both the
values obtained during exscution and the final values.
There are three different strategies to use in dynamie
testing: bottom—up testing which means testing the
submodels [irst and then the overall model; top-down
testing which means testing the overall model first
using programming stubs (sets of data) for each of the
submodels and then testing the submodels; and mixed
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testing, which 1s wsing a cewbination of bottom—up and
rop-down testing [Falvley (1976)]. The techniques
commonly used in dynamic tegting are trages, lnvesti-
pations of input-ourput relaticns using the validation
techiniques, internal consistency checks, and repro-
gramming critical compenents to determine if the sanme
results are obtained. ILf there are o large number of
variables, one might aggregate teo redu¢e the number of
tests needed or use certain types of design of exper-
ments [Kleifnen (1974, 1982)1, e.g. factor screening
experiments [Smith and Mauro (L982)] ro identify the
key variables, ln order to reduce the number of expsr-
imental conditions that need to be tested.

One must continuously be aware in checking the correct-
ness of the cowputer program and its implementation,
that errors may be caused by the data, the conceptual
model, the cowputer program, or the computer implemzn-
ration.

6. OPERATIONAL VALIDITY

Operational validicy is primarity concerned with de-
termining that the model's output behavicr has the
accuracy required for the model's intended purpose
over the domain of its intended appiication. This ls
where most of the validation testing and evaluation
takes place. The computerized wmodel 35 used in opera-
tional validity and thus anv deficilencies Found can

he due to an inadequate conceptual medel, an improper-
1y programmed or ilmplemented conceptual model on the
computer {(e.g., due to programming errors or insul-
ficient numerical accuracy), or due to invalid data.

All of the validation techniques discussed in section
2 are applicable to operational validiiLy. Wwhich
techalques and whether to use thew objectively or sub-
jectively, must be decided by the model developer and
cther interested parties, The major attribute offecl-
ing operational validity is whether the problem entily
(or system) is observable or nut, where observable
means it is possible to collect data on the operallon-
al behavior of the program entity. VFigure 2 gives ooe
classification of the validativn approaches [or apera-
tional walidity. The "explore model behavior' means
to examine the behavior of the wmodel using appropriar
validation techniques for warious sets of cxperimental
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conditions from the domain of the model's intended
use,

1o obtain a hipgh degree of confidence in & model and
its resulls, comparison of the wadel's and systea's
input-output behavior for at least two different sets
of experimental conditions is usually reguired. There
are three basie comparison approaches used: (1) graphs
of the model and svstem behavior data, (i1} hypothesis
tests, and (1ii) confidence intervals.

6.1. Graphical Comparison of Data

The modal's and sysrtem's hehavior data are plotted on
graphs far varlous sers of expevimental conditions to
determine if the model's ocutput behavier has suffi-
cient acecuracy Tor 1ts incended purpose. A varlety of
graphs showing different types of weasures and reia-
Lionships are required. Exanples of measures and
relationships are (1) time serles, means, varlances,
and maximums of each output variable, (ii) relaclon-
ships between parameters of each output varilable, e.g.
seans avd standavd deviacions, and (L1i) relatlonships
botweon different output variables. (See Figure 3

Fur an example of a graph.) It is lmportant that the
appropriate measures and relatlonships be used in
validating a model and that they be determined with
vespect to the model's intended purpose. As an exan-
ple of a2 set of zraphs used In the validation of a
model, ses Anderson and Sargent (1974).

These graphs are used in model wvalidatlon in three
ways. First, the model developer can use the graphs
in the model developmenkt process to make a subjeckive
judgemant on whether the model does or does nol pos-
segs suffdieient accuracy tor its intended purpose.
Secondly, they can be used in the face validity tech-
nigue where experts are asked to make subjective judg-—
ments on whether a model does or does aot possess
sufficlent accuracy for its intended purpose.

the third way the graphs can be used is in Turing
lests. Sets of data from the model and from the sys-
Lem are plotted on separate graphs. The graphs are
shuffled and then experts are asked to determine which
praphs are from the system and which are from the
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model. The resules for cach measure and velatlonship
can be evaluated elcher subjectively or statistically.
The subjective method requires that a subjective de-
cision be made whethev the results are satisfactery or
not. The statistical thod requires chat the results
be analyzed statistically. See Schruben (1980) for a
variety of statistical methods for analyzing the
results of Turing Tests and examples of their use.

6.2, Hypothesis lests

Hypothesis tests can be used in the comparison of
parameters, distributions, and time series of the
output data of a model and a systew for each set of
experimental conditions to d rmine 1if the model's
output behavior has gn acceptahle range of accuraey.
An acceptable range of accuracy iz the awmount of
accuracy that is required of a model te be valid for
its intended purpose.

The first step in hypothesis testing is to state the
hypotheses to be tested:

H @ Model is valid for the acceptable range of
accuracy under the set of experimental condi-

tions, (1)

H1: Model i1s invalid for the acceptable range of
decuracy under the set of experimental condi-
tions,

Two types of errors are possible in testing the hy-
pothesis in (1Y. The first or type T error is reject-
ing the validity of a valid wodel; the second or type
IT crror is accepting the validity of an invalid
wodel. Mhe probabilicy of a type erver I is called
moded budbdesn's naiak (a) and the probability of type II
crror is called model wser's risk (3). TIn model val-
idation, model user's risk is extremely imporetant and
must be kept small, Thus hoth type T and type II
errors must be considered In using hypothesis testing
fFor model validatiorn.

The amount of agreement between a model and a system
can be measured by a validity measute, *, The valid-
ity measure is chosen such that the model accuracy or
the amount of agreement hetween the model and the
systen decreases as the value of the validity measure
increase. The acceptable range of accuracy can be
usad to determine an acceptable validity range,

0 < A <A

The probability of acceptance of a model being valid,
P,, can be examinad as a function of the walidity
measure ) by using an Operating Characteristic Curve
(Miller and Freund (1977)). TFigure 4 contains three
different cperating characteristic curves to fllustrate
how the sample size of observations affect Py as a
function of A. As can be seen, an inaccurate model

has a high probability of being accepted if a small
sample size of obgervations are used and an accurate
model has a low probablility of being accepted if a
large sample size of observations are used. The loca-
tion and shape of the operating charactexistic curves
is a function of the statisticul%technique heing usad,
the value of o chosen for =0, o , and the sample size
of observations. Once the operating characteristic
curves are constructed, the intervals for the model
user's risk #(\) and the model builder's risk o can

be determined for a given A as follows:

&

*
@ model builder's risk o < {1-8")
%* (2)
B .

(B8

model user's risk g(3)

iA

0

A



Thus, there is a direct relationship among builder's
risk, model user's risk, aceceptable validity range,
and sauple size of observations, A tradeoff among
these must be made in using hypothesis tests in model
validation.

In those cases where the data collection cest is sip-
nificant for either the model or system, the data
¢ollection cost should also be considered in perfarm-
ing the tradeoff analysis. A cost model for data
collection should be developed as a function of the
sample sizes of observations for the madel and the
system. An optimization problem can be foraulabed

and solved to deterwine the optimum sample sizes for

4 given data collection budget and statistical rtest ro
winimize rhe model ugser's risk.

Data can he generated for different values of the
tradeoff parameters and placed in schedules which can
be used to genetate two different types of curves to
be used in the tradecff analysis. One type of curve
is the operating characteristic curve shown in Figure
4.  The othar type of curve is shown in Figurz 5. the
latter curve shows the relationships anong a*, B*, and
the data collection budget (or sample sizes if duta
collection cost is not considered) for a given model
accuracy. fThese curves can be used by the model de-
veloper, model &ponsor, or both to aid in making judg-
ment decisions in regard to determining the appropri-
ate values to use in testing the validity of g model
for a given set of experimental condiriens.

Details of the methodology of using Hypothesis Tests
in comparing model's and system's output data for
model validavions are given in Balel and Sargent
(1981a). Examples of the application of this method—
ology in the testing of outpul means for model valida-
tion are given in Balei and Sargent (1982a, 19825,
1983a) and in Banks and Carson (1984).

6.3, Confidence Entervals

Confidence intervals (c¢.1.), simultancous confidence
Iintervals (s.c.i.), and joint confidence regions
(j.c.r.) can be obtained For the differences batween
the population parameters, e.g. means and variances,
and distributions of the model and system output
variables For each set of experivental conditions.
These ¢.i., s.c.i., and j.c.r. can be used as the
model rauge of accuracy for model validation.

To construct the model range of accuracy, a statisti-
cal procedure containing a statistical technigue and

a method of data collection must be developed Lor each
set of experimental conditions and for each type of
parameters of interest, The statistical techniques
used can be divided into two groups; (A) univariate
astatistical techniques and (B) nmultivariate statisti-
cal techniques. The univariate techniques can be used
ta develop c.i. and with the use of the Bonferroni
inequality [Law and Kelton (1982)] s.¢.i. The multi-
variate techniques can he used to develop s.c.i. and
j.c.r. Both parametric and nonparamerriec techniques
can be used.

The method of data collection used wmust sacisfy the
underlying assumptions of the statistical technique
being used. The standard statiscical techniques and
data cellection methods used in simulation cutput
analysls can be used For developing the model range of
accuracy; namely (1) replication, (2) batch means,

(3) regenerative, (4) spectral,, (5) time series, and
(6) standardized time series [Banks and Carson (1984),
Law and Kelten (1982), Law (1983)].

Robert G. Sargent

It is usuatlly desivable to comstruct the modol Tange
of accuracy with the lengths of the c.i. and s.¢.1.
and the sizes of the j.c.r. as small as possible. ‘lhe
shorter the lengths or the smallev the sizes, the nore
useful and meaningful the specification of the wodeld
range of accuracy will usually be. The lengths aund
the sizes of the joint confidence regions are affected
by the values of confidence levels, variances of the
model and system response variables, and sample sizes,
The lengths can he shortened or sizes made smaller by
decreasing the confidence levels.
rechniques [Taw and Kelten {1982)] can Le used i some
cases when collecting observations from a simulation
model to decrease the variabilicy and thus obrain o
smalier range of accuracy. The lengths can also be
shortened or the size decreased by dncreasing the
sanple sizes. A tradeoff analysis neads to be made
among the sample sizes, confidence Ytevels, and ssti-
mates of the lenpgth or sizes of the wodel range of
accuraey. In those cases where the cost of data
collection 1s significant for either the model or
system, the data collecrion cost should also be con-
sidered in the tradeoff analysis. Details of a
methodology for performing a tradeoff amalysis and for
using ¢.i., s.c¢.i., and j.c.r. can be found in Baled
and Sargent (L981b, 1983b). Law and Kelron (1982)
also discuss the use of c.i. for model validatrion.

Variance reduction

7.  RECOMMENDED MODEL VALLDATLON PROCEDURE

There are currently no algorithms or procedurss avall-
able tu ldentlify specific validation techniques, sta-
tiscical tests, etc. to use in the validarcion process,
Various authors suggest (for example, see Shannon
[1979, p. 29] that as a ninimum the three steps of

(1Y Face Validity, (2) 'lesting ol the Model Assump-
tions, and (3) Testing of Input-Qutput Transformations
be made.  These recomendations are wade Ln general
and are uvot related to the steps of the modelling pro-
cegs discussed in the Introduction.

This author recowmends that, as a wminimum, the Follow-
ing steps be performed in wodel validation:

(1) An agreement be made betwesen (L) the modelling
team and (ii) the model sponsors and users (if
possible) on the basic validation approaches and
on a minimun set of specific valldation techniques
to be used in the validation process prior to de-
veloping the model.

(2) The assumptions and theories underlying the model
be tested, 1f possible.

(3) In cach model iteration, at least face validicy be
performed on the conceptual model.

(4) In sach model iteracion, exploration of the
model's behavior be made using the computerized
nodel.

(5) In at least cthe last model iterarion, comparisons
he made between the model and system hehavior
{ourput} data for atr least two sets of experimen-
tal conditions, if possible.

(6) Validation discussed in the model documentation.

8. SUMMARY

Model validation is one of the most eritical issues
faced by the simulationist. Unfortunately, there is
no set of specific tests that can be easily applied to
determine the validity of the model. Turthermore, no
algorichm exist to determine what techniques or
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progodures o use.  Every new simulation project pre-
gents a new and unique challenge.

There 15 a considerable literature on verification and
validarion {Balel and Sarvgent (1980, 1984)]. Arcicles
piven in the references can be used as a s ting
point for furthering your knowledpe on verificatvion
and validation.
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