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1. INTRODUCTION

In any form of scientific research or decision making, it is desir-
able to draw upon all relevant data which is available. Unfortunately,
data derived from different sources often takes on forms which are incom-
patible. Consequently, much of the information is often not used and is
thereby effectively "lost."

Simulation users frequently find themselves in this situation when
observations have been obtained both from a computer model and from the
corresponding real-world situation it simulates. Although the real-world
observations comprise the most valid of the two data sets, the other set
may also contain useful information.

In general, real-world (exper!ﬁiLtal) observations are subject to
statistical variation. Simulation outputs from a model of the same situ-
ation not only contain statistical variation, but also may be clouded by
possible model inadequacies. If the model is a valid representation of
the corresponding real-world situation, then the two types of data (simu-
lation and experimental) are of equal value., However, if model validity
is in question, the simulation data may be of less value than the experi-
mental data. This raises the issue of model validation, which has been
discussed by a number of authors (e.g., [1], [2]), [3]), [4]), [5]). The
validation task is to compare the simulation data with that of the real-
world system, usually by means of a hypothesis test.

This paper does not deal with validation, per se, but rather with a
topic we label "data integration.” With data integration, we aren't in-
terested in a yes/no decision about whether or not the simulation is valid.

Instead, we are concerned with whether the simulation data is useful. In
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other words, we want to determine how we can best use the simulation data
to supplement the real-world observations. Thus, the focus of data inte~
gration is to determine the best procedure for combining data obtained from
a simulation and from the corresponding real-world situation.

In this paper, we assume that we are dealing with situations in which
one simulation run yields a single response vector, rather than a time
geries vector. Thus, we are restricting our attention to terminating simu-
lations. Figure 1 illustrates this framework, in which we have two data
sources, each of which generates a response vector which is a function of
X, a vector of input variables.

For purposes of this paper, we assume that each observation is produced
under identical conditions, i.e., for a specific value x= Xqe In view of
this, we will suppress the dependence of the response on x in the ensuing
discussion. The real-world response y estimates some unknown parameter vec-
tor Y, contaminated by random error. The simulation response w which is sup-
posed to estimate u is not only affected by random error, but also may be
biased because of inaccuracies in the simulation model. Our data integra-

tion goal is to obtain the most accurate estimate of u that we can.
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II. PROBLEM DISCUSSION

In this paper we examine the univariate case. Specifically, consider
the situation in which a sample of n independent real-world observations
Yyr ece0 ¥y is observed, where Yy ~ N(u,oz) and the object is to estimate
H. Assume that in addition to, and independent of, the y 1'8’ m independent
observations Wis sess W are available from a simulation model for which

w, ~ N(u+4o, 02). Thus, 1f A¥ O, the simulation data contains a bias.

3
As an aside, we should note that, in general, n<m and n is usually quite
small because of the difficulty and/or expense of obtaining real-world ob-~

servations.

Suppose we decide to estimate u by using an estimator of the form

Hp=pF+ -p) ¥,

which is a weighted average of the real-world responses and the simulation
responses. The pooled mean, in which each observation is weighted equally,
is obtained when p-p*-n/(n+m), but this estimator would be optimal only if
the simulation model were valid, i.e., if A=0, Since the assumption of a
simulation model being valid is at best tenuous, we will examine what happens
for values of A¢ 0, adopting mean square error (MSE) as the measure of the
goodness of an estimator.

For general p, where p is a constant,
MSE(G ) =p20%/n+ (1 - p)? [(o /m)+a%c?) eV

If we chose always to use only the real-world data, then our estimator

would be ﬁl. which is nothing more than y. For this estimator

MSE(H,) =0’ /n . @
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On the other hand, if we chose always to use both data sources, giving

each observation equal weight, our estimator would be the pooled mean

ﬁp* = (ny+m)/(n+m) .
The corresponding MSE is
MSE(GP*) = o?‘(n+m+mzA2)/(n+m)2 (3)

As one would expect, for values of A close to zero, the estimator
ﬁp* based on both sets of observations would provide a smaller MSE than
that resulting from the use of the real-world data alone. 1In fact, we can
see from equations (2) and (3) that the use of ﬁp* provides better perfor-
mance (i.e., smaller MSE) so long as IA|<[(n+m)/mn]!5. However, for
larger values of |A| » the inflation in MSE rapidly becomes catastrophic;
the MSE is unbounded as |A|+=,

Of course, we could avoid such catastrophic results by never using the
simulation observations, i.e., by always using the estimator ﬁl- ;. How-
ever, by adopting this conservative minimax strategy, we would deprive our-

selves of the opportunity to obtain much better estimates when A is small.
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III. TWO DATA INTEGRATION APPROACHES

One approach to this problem is to return to the validation framework,
and use the estimator ﬁp* if the simulation model is judged valid or the
egstimator ﬁl’ otherwise. As mentioned previously, a judgement about the
validity of a simulation model is usually based on a hypothesis test. 1In
the situation being discussed, the appropriate hypothesis test would in-

volve the hypotheses

HO: A= 0

H: A¥ O
based on the t-statistic

t=[nm/ (ntm) ] 2(5-9) /s

where s denotes the pooled estimated standard deviation. The rejection

region (assuming a significance level of @) would be

It | >ta/2 ,n+m—2

where t denotes the upper a/2 point of a t-distribution with

a/2, n+m=-2
n+m-2 degrees of freedom,

1f Ho were rejected, the estimator ﬁl-;' would be used, while if it

were not rejected, the estimator ﬁp*- (ny+mw) / (n+m) would be used. It

should be noted that an estimate of A is given by
A = (y-w)/s .
Therefore, the validation approach results in the use of the estimator

* » if |8|<[(n+m)/M]lita/2’m_2

1f [B[2[ (n+m) /nm]l’ta/z.nﬂ,_z
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where, of course, the value of o must be specified. This estimator, it will
be noted, is based on an all or nothing rule--iflzl is too large, only the
real-world observations are used, whereas if |2| is not too large, all obser-
vations are used. Thus, a simulation observation is given weight zero or
equal weight with each real-world observation, depending upon the size of
A.

A more flexible procedure would incorporate 2 directly into the estimate.
Suppose, therefore, in view of the fact we are unwilling to accept the as-
gsumption of A=0, we attempt to determine an adaptive method for incorporating

information about A into the estimator of u. Using equation (1), we can see

that by setting

3MSE(up)/3p =0,
we find that

p = (ntnmA%) / (ntminma?) (4)

provides the minimum MSE. It should be noted that if A=0, p=n/(ntm) so
that ﬁp reduces to the weighted average which we would use if it were assumed
that the simulation observations should be given the same weight as the real-~
world observations.

Of course, because A 1s an unknown parameter, the value of p provid-
ing the minimum MSE is also unknown. Thus, we might consider substituting

4 into (4) and using the resulting value
A A2 A2
P = (n+nmA”) / (n+minmd”) .

This results in an adaptive estimator GB . Because 5 is a random variable

rather than a constant, MSE(GS) cannot be obtained by substitution into

equation (1).




IV. EVALUATION OF MSE

At this juncture, we have four estimators to consider in examining
the data integration task. These are:

(a) ﬁp*, which always uses the real-world and simulation

observations weighted equally,

(b) ﬁl’ which always uses only the real-world observations,

(c) ﬁ, which is based on a test of the validity of the simulation

model,
and (d) ﬁﬁ, which is an adaptive estimator.
We note that an investigation of these estimators does not depend on the
actual values of yand o, since location has no effect on the results and
the bias of any simulation observation is measured in units of o.

In order to compare the performance of these four estimators for a
sample size (n,m), their MSE's must be evaluated for different values of
A. This poses no difficulty in the case of the first two estimators
(ﬁp* and ﬁl); the required MSE's are given by equations (1) and (2). Un-
fortunately, things aren't so easy when considering the estimators ﬁ and

~

~
u;. For p, we must compute the expected value of

[(ny +mw) /(o +m) - u]°

over the region in (s, y, w) - space

|G- /sl<lmem /om0

and the expected value of (;--u)2 over the region

(G- /s(20em/onl, ), oyn s -

For the adaptive estimator ﬁ;, we must evaluate the expected value of

[{n+nn((F -%)/81%}3 + ma) /n+m+nonl (5 - ) /s1 21012 .
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Because of their complexity, an analytic evaluation of these ex-
pected values is an impossible task. Thus, we must turn to numerical
integration or to Monte Carlo. Since we could not eliminate the need to
evaluate triple integrals, we chose to use Monte Carlo to investigate the
two specific cases of (n=3, m=10) and (n=3, m=50).

Tables 1 and 2 list the MSE of ﬁp* (the pooled mean estimator), of ﬁ
(the validity test estimator) and of a; (the adaptive estimator) relative
to that of Gl==§, which 1s 02/3 in both cases. For the validity test
estimator, five values of o were considered. These were .01, .05, .10,
.20, and a*, where a* denotes the value of a which provides an MSE equal
to that of the adaptive estimator 1:6 when A=0, For (n=3, n=10), a*- .17
which corresponds to a t value of 1,50, while for (n=3, m=50), a*:-.12

which corresponds to a t value of 1,58,
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V. DISCUSSION

As can be seen from Tables 1 and 2, and graphically from Figures 2
and 3, none of the four estimators dominates (or is dominated by) any other
estimator in terms of MSE. This in itself is not surprising. What is sur-
prising, and somewhat disconcerting, is that the simulation data is useful
(i.e., provides a more accurate estimate of u) only if A is very small. For
no matter which estimator (other than y) we adopt, we can never come out
ahead if |A|>0, and in fact we may wind up doing substantially worse than
we may have thought possible.

It 1s clear that the pooled mean estimator up*, with 1its unbounded

AP e ey P 10 AT eT T

MSE is not worth considering. By using either the validity test estimator

ﬁ or the adaptive estimator ﬁs. we will come out ahead, or at least not too
far behind, if |A| is either small or large. It is for moderate values of |A|,
approximately 1.0 <|A|<3.0, that the worst things happen to us. Therefore,
somewhat with tongue in cheek, we see that the resulting moral is to construct
either a very accurate simulation or a very inaccurate one.

More seriously, though, our results indicate that a test of validity, per
se, is unwarranted (and hazardous) if the data is to be used for parameter
estimation. We can see this from Figures 2 and 3 by examining the results of
a validity test at the usual significance levels of .01 and .05. If we wish
to take a chance on combining real-world and simulation data, ﬁa appears to be
our best bet since it provides reasonable gains (decreases in MSE) for small

|A|] and in the worse case does not substantially penalize us.

-12-




e i m e e

Relative MSE * n
1 Y

4.0
/\\C/ @ tam.0)
sk \\
ot \
\
e \
s t (a=.05) \
2.0 \'\. \\
\,
1.5 . \ \
/” NN
. PPN S \.____.:_-
) 1.0 -oommmm TS
0.5
K
| L ] | \ 1 \ 1
3.0 4.0 5.0 ‘A‘

2.0

¢ the estimators relative to HSE(QL) « MSE(Y)

‘, j , Figure 2: MSE's ©
! : for n= 3, 0" 10
:. _ 13- .




Relative MSE 'E
u

4.0 p*

.5 .
| \

.or \

F N
17 v
oy N
2.0 - II/ \ \
v\
I . \ \
1.5 = Yp \
/ V-
1.0 !’” \‘$‘~--

0.5

l 1 1 1 1 1 L 1 1 P
1.0 2.0 3.0 4.0 s.0 18]

j | Figure 3: MSE's of the estimators relative to MSE(M ) = MSE(y)
f for n=3, me 50 1

-1b=




(1)

(2]

(3]

(4]

(5]

VI. REFERENCES

Law, A. M, and Kelton, W. D., Simulation Modeling and Analysis, McGraw-
Hill Book Co., New York, 1982,

Naylor, T. H. and Finger, J. M., "Verification of Computer Simulation
Models,” Management Science, Vol. 14, pp. 92-101, 1967.

Sargent, R. G. "Validation of Simulation Models," Proceedings of the
Winter Simulation Conference, pp. 497-503, 1979.

Schellenberger, R. E., "Criteria for Assessing Model Validity for
Managerial Purposes,"” Decision Science, Vol. 5, pp. 644-653, 1974,

Van Horn, R. L., "Validation of Simulation Results," Management Science,
VO].. 17' PP. 247-258' 1971-

-15-




UNCLASS
SECURITY CLASSIFICATION OF THIS PAGE (When Deta Entered)

REPORT DOCUMENTATION PAGE = - .  EPOE IO R

7. REPORT NUMBER 2. GOVY ACCESSION NOJ ). RECIPIENT'S CATALOG NUMBER
106-12 ‘QQ'Q"ZZSE

4. TITLE fand Subtitle) §. TYPE OF REPOAT & PEMOD COVERED

DATA INTEGRATION: COMBINING REAL-WORLD AND Technical Report
SIMULATION DATA

S. PERFOAMING ORG. REPORT NUMBER

| k2 AYTHOR(s) ONTRACT OR GRANT NUM )

Dennis E. Smith N00014-75-C~1054
N0QO14~79-C-0650
9. PERFORMING ORGANIZATION NAME ANO ADDRESS 10. PRggll‘agotnl."zss:a'f"v;‘o;tlct TASK
Desmatics, Inc.
NR 042-334
P. 0. Box 618 NR 277-291

State College, PA 16801
11. CONTROLLING OFFICE NAME ANO ADORESS

12. REPONT DATE

August 1982
Office of Naval Research
Arlington, VA 22217 H g R oF pacs
T WO TORING AGENCY NAME & ADORESI(IT differont lrom Controlling Office) | 15. SECURITY CLASS. (ef this repert)
Unclassified
8a. OECL ARHIFICATION/ GOWNGRADING |
o DECL AT FICATION/ GOWNQNADING

[76. OISTRIGUTION STATEMENT (of thle Report)
Distribution of this report is unlimited.

17. OISTRIBUTION STATEMENT (of the abatract entered in Block 20, if different from Report)

e ————— —
10. SUPPLEMENTARY NOTES

[, KEY WOROS (Continue on re elde 11 ary end Idontify by bleck number)

Data Integration
Simulation Validation
Simulation Data Analysis
Model Validation

20. ANSTRACT (Ceontinue en reverse side if necossary end identily by bleock mumber)
In this paper we discuss a topic we label "data integration," which addresse
the problem of combining information from a simulation model with that from
the corresponding real-world situation. Although data integration is relate
to simulation validation, it does not focus on a yes/no decision about
vhether or not a model is valid. Instead, it is concerned with whether or
not the simulation data is useful.

DD, “,, Onte 1473 eoition oF 1 nov 68 13 OesOLETE UNCLASSIFIED

. SECUMTY CLASBIFICATION OF THIS PAGE m Deta Bnterer




