. NEW PROCEDURES FOR SELECTION AMONG ( SIMULATED) ALTERNATIVES

ABSTRACT

"Ranking and sélection" procedures were deve-
loped for use in situations where the experimenter's
goal is to "select the best" (selection) or to
pank competing alternatives® (ranking). These are
typical goals when a simulation study is performed,
often in order to select that one of several pro-
cedures (for ruming & real-world systan) which is
best (with regard to a specified criterion of good-
ness). Therefore these procedures have become &
standard analysis method in simulation work in re-
cent years (e.g., see the references in (8)).

In this paper we: review some of the gelection
procedures most often found useful in design and
analysis of simulation experiments; discuss some
other important procedures and related problems;
and state some unsolved statistical problems of
importance in simulation work.

I. USED SELECTION PROCEDURES

One of the most common situations in simula-
tion is that where one has: k > 2 populations

(sources of observations) “l’:' ’ﬂk with respec~

tive unknown means ul,... sk for their observa-
tions, where observations from Ty follow a normal
probability distribution with variance ci' about

their respective means; a goal of selecting the
population associated with gy = max(ul seee ,pk);

a probability requirement that the probability of
correct selection ProblCS} be > P* (1/k <P¥ < 1)

if p,[k] - p.[k 1] > e* s where the experimenter speci-
fiés P* and &%, and where p [it~1] denotes the second-

best mean; and a procedure of selecting the popula-
tion yielding the largest sample mean X R ax =

m(—xl: ig:- .o ’-ik)'

This problem was first solved, by telling how
many cbservations N to take from each population
(in simvlations, how to set the run length) by

2 2

BechhoPer (2), who assumed that ci =00 =0 =9
with ¢© known and that all observations were in-
d@énden'b. The case of crlg,...,crk2 wknown and
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unequal was solved more recently by Dudewicz and
Dalal (9), and requires a two-stage procedure
{which is no problem in simulation), (For more
details of these two procedures, see {7) and (8).)
For the more common case where the observations are
also correlated within each population (but not
acrogss populations), a heuristic procedure was re-
cently given (11), The recommended Dudewicz-Zaino
Procedure A(S‘i, s i) is as follows. Take an initial

sample of No = 30 cbservations from each population.
Calculate

8y h
M, = max No,[a-*)—a]) (1)
(which is the number of observations which would be
needed if we had all correletions p i = 0 (zero cor-

relation), where h depends on k and P* and is given

in Table 1 below, extracted from (10)). Calculate
N
0 - —
oy X)Xy a-Xy) )
oy = N,

(0] == \2
2L %y)
and form the 100(1-a)% confidence interval for p i
from

(oreB P < O ()2 (1-af2) (3
017 SH(F3) L B3

with o = ,05. (Here t_(q) is the 100q percent point
of Student's-t distribhition with r degrees of free-
dom.) If this 954 confidence interval contains

Py = 0, Judge the sample size M, as being adequate

i
for population i. Otherwise calculate

A
1+p
i

Yoy = [Mi Fﬁ?i'] (#)

and continue the rum until we have Nai obgervations

from n,. Finally calculate 'il,...,ik based on all

available observations and select (as being best)
that population which produced the largest of

)L_L seae ,Xk.
While Procedure A(f)\i, si) is hewristic (wm~
like the procedure of Dudewicz and Dalal for py = 0,
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which is entirely rigorously derived), studies show
it should be sufficient to preclude gross errors
due to significant correlations., (Results of
Bishop (4) will soon yield theorems for this heuris-
tic procedure, )

TABLE 1
Quantity h Needed in Equation (1) - i
P o= .95 P o= ,99

k=2 2,ln 3.45 i
k =3 2.8 3.8L :
k=14 3.03 ko1
k=5 3.18 ok
k =6 3.30 k.25
k=7 3.39 4,33
k=8 3.’46 ).,..1{,0
k=9 3.53 4. 46
k =210 3.58 4,51
k =15 3.79 k.71
k =20 3.92 4, 8h
k =25 4,03 Lok
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Another common situation, for which a proce-
dure is available, is that where one desires to
select the population with the smallest median €

"5
or some other quantile, e.g. the smallest pi-;z-1 ‘
quantile £ . (For example, in computer performance
evaluation®such ig a reasonable goal for the goth
percentile of the processing time distribution, as
discussed by Mamrak and DeRuyter (16).) Here a
procedure developed by Sobel (18) is used, with
new tables of Dhariyal and Dudewlcz (6). This pro-
cedure has recently been exposited and applied in
an excellent and accessible paper (16), and a book
(12), and so will not be discussed in further de-
tail here, .

II, NEW PROCEDURES AND PROBLEMS

While Section I noted the most widely used
selection procedures for simulation applications,
in fact there are a mmber of othars (and related
considerations) which should be borne in mind,
since for design goals other than selecting the
popuwlation with the "largest mean" or "smallest
quantile" these will be the appropriate procedures
and considerations, These may be classified into
categories of factorial experiments, estimation,

subget selef:tion, and nonparametric selection.

When one's similation is being run to select
the optimem levels of two or more factors, one is
dealing with a factorial e iment. {(For exanmple,
one could be considering the best combination of
the two factors "number of vehicles" and "routing
algoritim" for a transportation system where loads
are generated at random.) In the setting where
there is no interaction {i.e., where the effects
due to each factor simply add to produce the effect
of the combination) the problem was discussed by
Bechhofer (2), (3), and by Bawa (1). When the
factors do interact, Lum (15) showed that one
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lead to arbitrarily low Prob{CS?,

might want to select based on cell means of factor
combinations (rather than based on marginal means
for each factor), and that to do otherwise could
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- ‘ -
To be gpecific, suppose that. we. have:.a two i
factor experiment with .ﬁmlevels of factor 1 (e.g.,

possibilities for "nufiber of vehicles" in the ex~

le of the above paragraph) and k, levels of
factor 2 (k2 would then be the number of routing

algorithms under consideration), We assume owr
observations are normally distributed with known
common variance o¢ and that if Yi J is an observa~

tion taken at level i of factor 1 and level j of
factor 2 then

E(Y:lj) =0 ta + BJ *+ Yy

(i = l,.u,kl; J = 1,oo.,k2)a The “"best” population
is that one of the K = klk2 combinations of factor

levels which maximizes the system's mean yield
E(Yi.j)' Ir Yy = O for all i and j, we have no

"interaction” (in which case the same algoritim
yields the best resulis regardiess of the number of
vehicles available to the system),

One can formulate many procedures for dealing
with the above problem, especially if all Yij =0,

In the literature we find SPL and SF2 (see below),
while SP3 is new with (15) and this paper.

Procedure SP1. takes N independent observations
from each of the K populations, and selects the
level associated with the largest marginal sample
mean of each of the two factors; the combination of
these two levels is asserted to be the best factor
combination.

Procedure SP2 takes Nl independent observations

. at each level of factor 1, with factor 2 held fixed

at one of its levels. The level of factor 1 yleldw
ing the largest sample mean is selected. That sele~
cted level is then used in experimentation taking
N2 observations at each level of factor 2, after

vwhich the level of factor 2 yielding the largest
sample mean is selected. The combination of the
levels of factor 1 and factor 2 so selected is
asserted to be best. '

Procedure SPR takes M independent observations
from each of the K =Xk, populations and selects
the factor combination (population) yielding the
largest sample mean as best,

Procedures SPL, SP2, SP3 are respectively the
"Pactorial®, "One-at-a-time"”, and "Interaction"
methods, Bawa (1) compared SP1 and SP2 when there
is no interaction. Lun (15) showed that if there
is interaction, then the inf (over “[K]'u[K-.'L]z&*)
of the P(CS) for SP1 is < 1/k; and < 1/k,, hence
< 1/max(k, ,k,). We believe it can also be shown
that this inf of the P(CS) is, for SR, < 1/(1;11:2),

which shows SF1 to be umreasonable for situations



where interaction may be pregsent in wmknown magni-
tude (since one can achieve P(CS) of 1/ (klka) by a

totally random selection). If one estimates the
interactions after the experiment, a reascnable SPU
should be able to be developed which acts as SPL
does if-the :interactions are "smell", and otherwise
acts as does SP3. The above considerations general-
ize to any fixed number of factors.

Recently this problem has been considered fur-
‘ther by Bechhofer (3).

In the related estimation problem, one asgks
"How good is the best alternative?". (E.g., if one
establishes it is not very good compared to the pre-
sently used alternative, continuing the simulation
wntil the "best" is found may not make sense. While
if one establishes it is very superior, then a good
deal of simulation may be economically justified.)
Some of the procedures useful here are considered
by Chen (5), who also gives new procedures for two-
factor experiments with no interaction.

In subset selection one's interest is in selec-
ting & subset of the populations Ty seeesy in which

one can be falrly sure that the best population
lies. This is & particularly appropriate goal when
one cannot afford the computer time needed to select
‘the best, or when (with a modest ocutlay) one wishes
to eliminate the worst alternmatives from contention.
This has been discussed well by Gupta and Hsu (13).

‘Some nonparametric aspects, particularly appli-
cable in cases where multiple criteria are used in
evaluation or where some observations may be missing,
were given by Lee (14)., Other nonparametric pro-
cedures for a "complete data" getting where the
Interest is in selecting a subset are given by
MeDonald (17). Finally, Sobel (19) discusses cases
where the dispersion is important and one does not
know the underlying distribubions (e.g., this is
important when several alternatives have the same
median yield, and one wishes to choose one to mini-
mize variability about that yield).

ITI, UNSOLVED PROBLEMS

While the results discussed in Sections I and
IT and the references are directly and appropriately
applicable today, they do not cover all important
situations. For the pwrpose of stimulating statis-
tical research in these directions, we wish to brief-
ly note some important situations omitted.

If one has multivariate observations, how does
one select (or even define) the best populabion
(without some artificial definition of a linear or
other simple univariate function of the multivariate
responses)? Will work of Bishop (4) and the Hetero-
scedastic Method yield a solution here? How can
multiple~criteria problems be handled in the com~
puber (without resorting to rankings by "managers"
as described by Lee (14))?

How can costs and gains/losses be taken into
account in decision-theoretic selection (as can be
appropriate when these can be gquantified)?

In how far can the Central Limit Theorem justify
use of existing procedures for non-normal cases?

IV. CONCLUSIONS

Selection procedures are available and used for
a number of important simulation problems (Section
I). Besides these major procedures, other import-
ant work is available for use now; using the pro-
cedure which best fits one's goals makes for the
most efficient (and least costly) experimentation
(Section II). New results and procedures for
factorial settings have been given (Section II).
Nevertheless, important problems in the area are
still available for theoretical statisticians (Sec~
tion III).
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