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In the general estimation problem there is a parameter
which one desives tc estimate. One usually bases hig
estimate on an observation of s random variable or randowm
variables whose distribution cor distributions are com-

pletely specified up to but not including the value of the

he Bayes socolution becomss particulerly simple,

The empiricsl Ravesians, in varticular H. Zobbins
{3} do not assuwme knowledge of the distribution of the
varameter but cunly that it belongsto some wids

distribution. They assume further that thig prohlem has

M
fote

nregente tself many times in the past and that sample
observations from the past are available to them when
hey make their present decision., With

empirical information, the emwmpirical Bavesians are abhle

o

-

to obtain an expected loss which convergas to the ex~

SJ

nacted loss which weould be sohtained 1if the distribution

true expected loszs and the minimum (RPayes) expected loss
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of knowledge of the distributiocn of the parameter.
In {1}M.V. Johns Jr. eliminates the knowledge of the

distribution of the observations therehy inventing a

nonparametric empirical Raves appreach., He assumes that
he has a wvector of chservations where the random variables

in the wvector are independent and identically distributed
with the same parameter. He also assumes that these
random variables ave all unbiased estimates of the
parameter. Assuming that this problem has occurred
many times in the past he too ig able, in a restricted
sense, to obtain a regret which converges to zers.

The two sample nonparametric empirical Bayes
approach was first introduced by Krutchkeff in {2}. There
the estimate must be made on the basis of an observation
whoee distribution is completely unknown. The observation

is not necessarily an unbiased timate of the parameter

]
[
®

nor is its expectation kneown (it may not even exist).

4y

In order to do this Krutchkoff assumes the existence ¢
a secondarf observation. This secondary observation can
not be obtained before the estimate is to be made and
therefore can not be used in making the estimate. OFf
this secondary or so called detailed random variable

assumes only that it be an unbiased estimate of the

parameter., He does, as all empirical BRayesians, assume



that the problem has occurred often and independently

in the past. Ue also assumes that although the secondar
obgervation of the present problem is not available,

the secondary cbservations of the previous proklems ars
available. With this empirical information he is able
to obtain an sstimate whose regret converges to zer
without knowledge of any distributions at all.

This convergaence of the reoret te zZero is called
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~hvious guestion one can as]

of this problem are actually necessary for this con-

vergence? Clearlyv the answer depends on the distributions

involved,
In this paper we do two things:
1) ¥We solve a hypothetical oroblem Ly means of the

two sample neonpavametric empirical Payes approeach

by

2} We find the regret as a function of n by assuming
knowledge of 211 the distributicons.

As a2 result of our efforts in 2) a modif
the two sample nonparametric empirical Bayves decision

procedure suggested itself. This modification increased

the rate of convergence congiderably.



ITI A BYPOTHETICAL PROBLEM

Let us cnnéider the following hypothetical situation.
After sevéxai vears of testing their atomic bombs, the
United States and Russia decide to call a moratorium and
promise (without inspection) to halt all atmospheric tests.

One éay our instruments record an atmospheric nuclear
explosion in Siberia. Iﬁ ocrder tc confront the Russian
delegation on the floor of the United Nations we need to
‘know how large the explosion wag and if it was in fact a
nuclear explosion, we need about twe weeks in order %o
obtain fallout samples as a function of both time and
distance from Siberia. HNeedless to say, this will not
do in this particular situation.

In order to obtain an immediate estimate of the size
of the nuclear blast, we decide to use the radiation
increase at our Alaskan test site one hour after explosion.
Clearly this method is not a very good procedure when com-
pared to the two week tests. If we assume that in the
past when a nuclear explosion took place, we toock data
at our Alaskan test site as well as conducting the two
week tests, then we can use the two sample nonparanmetric
empirical Baves approach to estimate the size of the
bhomb .

It should be remarked that it iz not at all apparent

why the underlying parameter, i.e. the size of the bomb



£ a random variakle but we will not

. .
ig itsel:

point here,
by Eyxuvtchkoff and summarized
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in Chapter IIT does not assume any particula

We will, however, in Chapter IV choose cert
digtributions for:
a) the size of the howb,

reliminary test in our

) the secondary twe week test for a given bomb
size,
With these assumed distributions we will check the

rate of convergence of the regreot.



ITT OUTLINE OF KRUTCHROFF'S TWO SAMPLE NONPARAMETRIC
FMPIRICAL BAVES APPROACH,

The following is a brief outline of the formalism
and results of {2} as they pertain to our problem. The
details of the general formalism and the proofs are
omitted., Various simplifications of the notation have
been made to facilitate ease in reading this section.

In particular we have assumed that the size of the bomb

is a discrete parameter, the increase in radiation in

our Alaskan site is a discrete variable and the secondary
two week test result is a continuous variable. It should
be noted that although in {2} these variabkles are A
general and can be of any form, we have assumed them of
this form since this is the form in which they will be
used in Chapter IV,

Let 0, with generic element 6, ke called the para-
meter space. (9 represents the size of the explosicn in
regatons) .

Let D, with generic element d, ke called the estimation
gspace. (4 represents an estimate of the size of the
explosion in megatomns.)

Let L(d,0) = (4 - 6)2 be the loss function defined

for all d ¢ D and & & 0

3

his loss function, commonly called the sguared

-

rror loss function, is the one most used in estimation



problems in both decision thecry and the classical
estimation procedures.

Let P(e) be the a priori prxchakility on the para-
metex space 0, i.e. P(e) is the probahiiity that the
bonl; is of size 8 before we ﬁake any testé or observations
at all. |

The two sample nonparametric empirical Bayes approach
does not assume knowledge of P(8) at all except that
it belong to the class of probabilities for which

£6% = 56 P (8) <o,

Let X be a random variable with conditionai
probakility density Ffunction P(x|6). x represents a
preliminary observation (which in our example is the
increase in radiation at the Alaskan site). In this
approaéh P(xlé) is assumed completely unknown. It is
on this x that we must basé cuf estimate of the size
of the bomb,

Let Y be a random variable with the conditional den-
sity given e of f(y|e). v is thé secondary random variable
which in our example represents the two week tests.
Krutchkoff's approach does not assume knowledge of
f(y|9) but only that

E(Y]e) = Sy £(y|o)dy = o for all 9 ¢ @
and

5y’ = fyzgf(yle)P(e) dy <



ie

that is to say, the results of the two week test is an
unbiased estimate of the size of the beomd and the variance
of the test is finite.

The approach assumes that information in the form
of (x,v) are available from say n—~1 previous occurrences
of the problem and that for thig problem we only have =z.
Then on the basis of the Zlaskan test and past experience
of Alaskan tests and two week tests, we must estimate ©
with a sguared error loss.

If the results of the i~th cccurrence of the problem

is Xiv ¥y and we set z equal to the vector of observations
P C 5 - * @ { WV )
(Xys Y90 Bgs TyreevesXy 90 ¥poq)

then all oﬁr information can be written simply as 4, x
where X is the present X value.

Tt has been shown by Krutchkeff in {5} that the risk
in this situation is given by
(3.1)  R(d) = E{(a(z,%) ~ B(0|X))°} + B{var(e|x)},
where d(%Z,x) is the decision based on the information Z,
%, and E(0|x) is the conditicnal expectation of & for
given X = x and is given 5y

P

(3.2) 8P (x| 8)P(86)

=

(0l%) = ~5mTey5 (8
8

il
b
&
3
fete
0

Var(0|x) is the variance of 6 given ¥

given by 5
S te“p(x|e)p(e) p
Var(0|x) = € v -~ {m(e]x)}*
1P (x]8)P(0)
¢}
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The Bayes risk is then given by
>3
(3.3) ®(&7) = zi{var(e|x)},

and the regret by

R(A) - m(@D)

li

(3.2) r(d)

B{(3(Z2,%) - E(GIX))Z}.

li

We now solve the estimation prohlem in the fellowing

manner, Let

>
¥
tta
a2
4
foss
e
th
i
i
b

n
and m = 3
i

R 1 ol
= 0 .€=0 ®

#_ is called "a two sample nonparametric empirical

RBayes preocedure”, Essentially what Qn says is:
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a) If the incraase of radiat
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is x then look at a2ll vour past ocous
and pull out the data for 2ll those with the same x. The

nrocedure ig then simply to use as your estimate of the

o

homk sizz, the average of vour estimates cohtained from the
two week tests forxr these occurrences of the problem.
b) If % has cccurred for the first time then use

hich causes

]
B

zerc as vour estimate, This part is the one
Z vour estimat (This part is the o

in

i

trouble in the convergencse and is the part we alte



our work.)
The regret for avy n is then shown to be:

n-1

(3.6) r(g) = 10

5 1

Var(Y|x)s
m

n-1
=1
where P(x) is the marginal probakility that X = x and is given
by

(3.7 P(x) = gp(xle)y(s).

Var(¥|x) is the variance of v given that X = x. Tt is

given by

(3.8) var(y k) = E(‘.s,'zlx) ~-'{E(y!x)}2

= t2 . p; ,...:,:.m 2
= [y 2 F(y|o)P(x]9)P(0) =) O

) . S - ,’. l - 2
M{f};f(y|e)P(xl9)P(6) 5t Wl .
It is then proven in {2} that

lim r(ﬂn) = 0,

n+®

and ﬁn is then said to be asymptetically cptimal.
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IV THE PARAMETEIC ASSUMPTIONS

i

The problenm is solved by giving the astimate € .

That is we have in ﬁn an asvmptotically optimal estimate

ca

)
X

ke to investigate now

D

of the bomb size 9 . ¥e would 1L
the vate at which this convergence takes place. In
order to do this we now invent some reasonable dis-
tributions and use them to obtain the regret of %n
(i.e. r(ﬂﬂ)) as a function of

It would seem reasonable that the two week test

be fairliv acocurate and to this end we will assume that

We will assume that the vreliminary test, the

[
b
Q
3
T
R
2
i
fode
b
z:%
7}
o1}
fate
]
oF
[
9]
]
‘-J
o
9
Y
[
o
5...:
u]
>3
s
D
o
0
o

te is a discrste
variabls with, as is neot unusual in radiations problems,

a Poigsson digtributed with mesn 9 .

Cince ik iz douktful that the bhomb gfize is really
a random variable and since we do not want to aid in

the convergence by assuming a2 convenient oricr dis-
tribution, we will chocse the prior usvally considered
least informative, the uvniform digtribwuntion,

Our narametric assumptions can theraefore he
surmmarized by:

A) P(a) = 1/20 2 0= 1,2,000-.20
(We also used P(9) = 1/10 5= 1.2,.....10., We will

however caryy through the discussion with the first PO )
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and then simply state the changes neacessary in order to

use the second P(6)).

B) Plx0) = eT’0% x=0,1,2,.....
and
: l ) .,.-},2; (\7‘.«.@) ?' 0D X7 & CO
) #£lyle) = ———— e = .
‘ /77

In orxder to find the regret we see from eguation
(3.6) that we will need

1) P(w), the warginal of %,

2) B{elx), the expected value of ¢ in the posterior
distribution of ¢ given %, and

3) ver(V|x), the wariance of vy in the conditional

distribution of v given x.

By (3.7), A), and B) we see that
' ﬁ@1
(4,1) P(x) = § 9r(x]e)p(a)
- e=1} o
=%*§ p e %o
- B:: Xi X = ﬂyl,zytoooo

By (3.2), A) and B) we see that

a
20

2

il

o

4
s

(4.2) E{0]x) P(x|e)r(e)

1

U

Lo

1 Px]e)P(e)

i

eweex+l

L]
et

<

{:a”eex X = ﬂs’l‘lzrﬂﬂﬂQlﬂ

By (3.8), A), B), and C) above we see that



is

20 .
v § Syl e) B (x| 8)P(0) myay Gy}
Q=1 ’ P x) 2
26 y(uy-g) ¥
= T::.::..:.. fy?“ % & 2(.3.’ 9) B
27 A0‘=‘~‘l ay
' ga ﬁmsex '
EN
20 i fuo.py 2. 2
w ke qry i e TR E
20
T L6
6=1 ¢ ° )

These formulas do not lead themselves to simple analysis
and we will therefore use computer metheds as described

in Chapter V to solve themn.
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Vo COMPUTATIONAL METHODS

4

The first and simplest step was computing

P(x) = 20 g 20 X =0,1,2,0000s
= X.

In order to avoid overflavlhq +he machine on

3 X L4
computing x: we cowputed the term 8 successively by

hid
<

. 0 . . .
storing § = 1 and then multiplying by 0/x successively
N H
for x = 1,2,3,.¢0.. Up to as many as we needed which

was only 43, This had to be done for each of the

twenty values of @.

43
§=0 P(x) = 1 to eight decimal places. It was felt

that this was sufficient accuracy.

The sacond’step was to compute

}I}(@lx) = -6 X+1
g:ﬁ & o= 0,;1;»-.»043.
L
6=1 ¢ °©

It turned out that it was easier to use the values

obtained for P(x) and the preocedure developed thers to

obtain
20 _ %+l
E(@:}’i) = ;0;5" :) g 1 e e "‘"}"{"2" »n = a‘vlgw-ola43o

Actually these computaticns werzs done in two steps.
First we found

P(8]x) = siry & 0" %= 0,1,.....43,

and then



The mesgt difficult part

of Var(y|x). 7From eguation (4.3) we see that

Var(¥|z) = sy* & 1 f(y]oye(z]le)r(e)ay

DO b
[

2 R 9
~{ Sy 331 §?§Y=f(y!G)P(xl@)?(e)ay}

In order to avolid large numbers and because the

Var(YIX) term only occurs where it is multiplied by

2 P 4

2 ] .
P7{x) we decided to calculate

Var(le)?g(x)

i
kev)
/'N
V
\\
(e
\;
D NS

g
(<]
~r
vl
Casnd
i
"
D
Canze’
L
ke

oty 0)

fi

% ek {v~8)
@

The next step ig to interchange the ordey of

gurmmation and integration gi
2

74.).
<‘
r;h
=
T
Ul

(5.1)  Ver(v|m)pT(x) = wuufl,,y"

] 20 0% pooHY
T e Ry (e TR

Wa now perform the integration by the vectangular
nethod. By well known nroperties of the normal distribution

we see that the integration need be done only fer

5 -5 <y <9+ 5,

indeed was the computation
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We decided to use widths of 0.1 for our rectangles since
a preliminary calculation indicated that this would he
sufficient for ouf purpeses. The y ordinate was chosen
at the center of the rectangle leading to the formula
(5.2) Var(YlX)Pz(x)

: -8 X =048 2
_B_ 30 oT%% yTHER05 o x(y-e)
adFE B=l Xe y=0-5+,05

¥ y=0~5+,05
These values could now be computed for_x = 0,1,...,.43.
We then had left the rest of the binowial terms, in
particular

' n- g - =1, l .
(5.3 B G0 =1 L (pheeTTHL - eyt

1
The only pfoblem here was the factorial terms which
we obtained astefore'by computing the ratios seguentially.
The exact proceﬂuré can be found in the appendix,
 With all‘these Computatiéns madeg‘we could obtain

the regret in using ﬁn by

o 43 2 |
(5.4) r(ﬁn) = g Var(le)P“(x)Bn(x)

=

23 ;
+ 3 G{E(e!x)}z{l - P e ().
==



VI PRELIMINARY RESULTE AND DISCUSSION
Table I gives the results of the computations
given thus far. The column marked T.?. is the first
term of eguation (3.6) i.e.

n-1 n-1 e
: o 2™ - pm) L,
n=1 @

F.T. = I Var(Y|x)
X
and is the contribution when the present x has been
observed before.
The column marked §.7. is the second term of

equation (3.6) i.e.

S.7. = i'{E(elx)}z{l ~ pt2) 1 e (),

and is the contribution to the regret when x has not
been observed before.

R(dB) ig the minimum Bayes risk and is computed by

i

(6.1) n(a®) = E{var(e]|x)}

= it 32162@”9 o st - EEl R
= é{gw.gileze~e %i} - i{E(Glx)}zP(x).
Table I
n  P.T. S.T. z (F) R (3P)
10 0.005 98,495 98.501 6.833
50 0.008 29.451 29,459 6.833
100 2.004 11.485 11.489 £.833
200 0.001 4,675 4.676 6.833

300 0.000 2.890 2.8%0 £.833




It is clear from Table T that the firgt tern or

o

what one does when x has bheen ob

0

verges rapidly. The second term, however, what to do
when x occurs for the first time, converges very slowly.

In order to gee if the number of 0 values would make a

The computations are similar for this prior except

that we needed only x = &, 1; 2,.¢...31 rather than

<D
2

distribution with only 1¢ wvalues of

Table IT

n F.T. S.T. v (f )

n
16 0.013 12.8587 13.870 2.8%1
50 3.008 3.901 3.909 2.99

~J
1

&1

[}

.

e
o)

(.

200 0.00¢C 0.754 0.

o)
]
W
Q
[

300 0.200 0.489

The first term converged rapidly agalun as expected.
The second term converged somewhat more rapidly than
before. This ig deceiving however since the minimum
risk alsc became smaller. 2As a matter of fact, the

increase in rate of convergence is very small indeed



considering that we halved the possible number of values
for 6.

It becane apparent that it wae the decision function
which had to be altered in orxder to increase the rate of
convergence. The part when = occurred more than once
was fine, we had to change what to do when x occurred
for the first time.

Several procedures suggest themselves. Of these
we enumerate:

1) use as our estimate the average of the previous
y values,

2) guess at a value using your intuition,

3) choose the midrange of ¢ values.

The first suggestion is very likelv the best, It
does however reguire inveolved mathematical calculations.

The second suggestion at first seems arbitrary but
it is no more arbitrary than always choosing zero as our
estimate which is what is done in ﬂn’ At least your
guess would be in the range of 0 wvalues whereas zZero
is not.

The third suggestion seemed more appropriate for
our problem. The numerical changes involved are very
few and simple to calculate. Using this, the new decision

function or estimate became



. # 3 ool . 0
(6.2) %n = = gzl S(Xi,x)yi if >
= mid range of © if - m=0 |

The new regret is

% n-1 3 n-1 _
(6.3) r(g) = i Var (¥]x) 2_1 = (m)p(x

)m+1 1l

{1-~P(x) }I‘:mmm

+ ¢ {mid range of @ - E(elx)}zP(x){l~P(x)F-l

%

X
The first term remains the same and Ehe new second

term is very simple to calculate. N

For  P(6) = 1/20 0 = 1,2,.....20

The mid range of G = 10.5

it

for P(e) = 1/10 0 1,2,¢000.18
the mid range of 0 = 5.5,

*
The results for ¢p are recorded in Takle Ia and ITa.

Table Ia

n T.T. 5.7, (g ) (a%)
10 0.005  17.161 17.167 6.833
50  0.008 5,022 5.029 6.833
100 0,004 2.027 2.031 6.833
200 0.001 0.878 0.879 6.233

360 0.0060 0.556 0.556 6.833




83
W

Table ITa

n F.T, s.T. r(ﬁi) R (%)
1o 0.013  2.4%0 2,493 3.891
50 0.008 0.559 0.567 2.891
100 £.002 0.255 0.267  2.891
200 0.000 n.126 0.127  2.891

- 300 0.000 0.082 0.082 2.891

From these tables we cee that without reducing the
nunber of values of 6 (or the minimum risk) we can

increase the rate at which the second term converges.
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VII ' CONCLUSTIONS

We found a two sample nonparametric empirical

Bayes estimate of the bomb size in our hypothetical.
exampla. We investigated the rate of converzence

of the risk when using this estimate by assuming

certain rsascnable parametric distributionz. The

-

convergence was much slower than desirable.

In order to ircrease the rate of convergence, we

altered the estimate in that we used the mid range

of the possible parsmeter values as an estimate of

the paraneter when we had insufficient information

for a sensible estimate by the first procedurs. The

rate of convergence was increased by this method.

would seem reasconakle however that other alterations

of the procedure could increase this rate still

further,
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SIBFTC D1

C THESIS cMPERICAL ZAYES DECISION THEORY

DIMENSION A(44)s5(20)sC(290)PAGB (43520

IRERE=1
904 READ(5:905) Mls M2, M3s PEBINT, P8, AVEB
905 FORMAT(1Xs 313» Faue3s F3.2, Flhal)

WRIT

(€

A

33 FORMAT(IXe3RX+T L a4 X11HP®F2HV (Y /X) s 6X8HBI

17XEHPRODUCTS)

=Mi+l

bt

M1P
AlZ)=1.
=}

B(l)=1.

1"

DC 20 I=3,M1P1

23 AlI)=A(I-1)+1.
DO 21 J=2,M2
21 B(J)=B(J=-1)+1.

A{1)=Co
DC 14 J=1.M2
PAGB(1sJ)=DB(J)*EXP(~B(J))

20 5 J=1lsM2

e

T ANALYSIS

e PX(&3)

) sAJOINT (434520)

-

NCGHMIAL S



o

\n

16

17

18

22

CO 6 I=2.M1

PAGE(TI+sJ)=PAGD(I=14J)*B(J)/A(I+1)

CONTINUE

FIND EBGA(I)

DO 15 I=1,M1

SUM=0.

DO 16 J=1sM2
SUM=SUM+PAGB(TIsJ)

DO 17 J=1.M2
PBGA(Js I )=PAGB(IsJ)/SUM
DEL=0.

DO 18 J=1,ii2
DEL=DEL+B(J)*PEGA(JsI)

EBGA(T)=DEL

rr

CONTINUE

DO 9 I=14M1
SUM=0.

DO 10 J=1.M2
SUM=SUM+PAGB(TI4J)
PX(I)=SUM*PB
Cll)==4,

DO 22 K=24M3
C{K)=C(K=1)+.1

DO 3 I=1sM1

W=0o



Z=0.
DO 2 K=1,M3
T=0o
DO 1 J=1sM2
1 T=T+1e/SQRT(6e28318)*¥EXP (= ((C(K)=B(J))*%2/24))
1#PAGB(IsJ)#PBINT
V=C(K)*T
WEWHVEC(K)*PX (1)
Z=7Z+V
2 CONTINUE
DELFIN=W=Z%%2
3 DCATURC(I)=PX (1) #%2%DELFIN
2C0 RzAD(54500) N
200 FORMAT(1Xs 13)

BO 300 I=1,M1

LILIN=N=2

ALLEN=LILTAN
SMARK(T)=ALLEN*(L1e=PX(I))%*LILIN
DO 100 L=2,LILIAN
LILIAN=LILIAN®(N=-L)/L

XC=LILIAN

Xt=L

XD=XC/XL

SMARK (1) =SMARK (1) +XD*¥PX(I)#%(L=1)%(1le=PX(I))3*%(N=L=-1)
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=

CONT I MUL

CI)=DCATUR(T)*SMARK(T)

WRITE(6s7) TeDCATUR(II) sSMARK(L) T (1)
FORMAT (1% 13437 15e48)

CONTINUE

ALAN=O.,

FORMAT(1Xs9H1IST TERM=FL1Z248)
DANLIN=Q.

DO 19 I=1.M1

DANLIN=DANLIN+(AVESB=EBOA(T) ) ¥*2%PX (1) % (Le~PX(1))**(N=1)

WRITZ(G2Z3)DANLIN

FORMATLIX QH2ND TZRM=F12.8)
REGRET=ALANFTDANLIN

WRITE{(Gw24) NsREGRET

FORMAT(IX s 9HREGRET(N=13+2H)=F12.8//)
IF(N=300)200 4884544

IS RTTOAGT AL A L AN TG I
FIND MINIMUM Z2AYES RISK

DO 125 J=1,M2

AJOINT(I 9 J)=PAGEB(IsJ)%Ps

CONTINUE

SUE=0.



38

907

SENTRY
43 2
10
50

100

200

31 1

$1BSYS

o
o

DO 36 I=1,M1
DO 37 J=1,M2
SUZ=SUE+(B(J)=EBGA(T) ) **2%AJOINT (1J)
CONT INUE

WRITE (6+38) SUE
FORMAT (1X s 13HMINIMUM RISK=F12.8)
IRENE=IRENE+1

IF (IRENE=2)904+904+507
STOP

END

D1

029040054051045

01904010410 5.5
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APPENDIX 2
$JOB 717540005 A WANG 4-26-65 REGRET

$12J08B NODECK

EXTERNAL NOLMUN
DIMENSION A(44) sB(20) sPAGEB(43420) sPX(43)
1PBGA(20+42)sEGA(43)

WRITE (64333}

w

FORMAT(2X s 1 THN SECOND TERM)

w
U

LILTAN=1
111 READ(5,1) PBsM14M2
1 FORMATILXsF5424213)

M1Pl=M1+1

B(l)=1.
DO 3 I=3,M1P1
3 A(I)=A(I-1)+1.
DO &4 J=2sM2
4 BlJ)=B(J=~1)+1.
A(1)=0.
DO 5 J=1sM2
5 PAGB(1sJ)=B(J)*EXP(-E(J))
DO 7 J=1sM2
DO 6 I=24M1

6 PAGBLI+J)=PAGB(I-1sJ)*E(J)/A(I+1)

ANALYSIS
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CONTINUE

DO 11 I=1,M1

SUM=0,

DO & J=1sM2
SUM=SUM+PAGB (15J)
PX(1)=SUM*PB

DO 9 J=1,M2
PBGA(Js1)=PAGB(1sJ)/SUM
DTUR=G.

DO 10 J=1s4M2
DTUR=DTUR+B (J)*PBGA(Js 1)
EBGA{I)=DTUR

CONTINUE

READ(5512) N

FORMAT (1X»13)

SECOND=0.

DO 13 I=1,M1
SECOND=SECOND+( (EBGA(I))%%2)%(1e=PX(1))
WRITE(6s14) NsSECCND
FORMAT (1X»13sF1548)
READ (55114) FIRST
FORMAT(1XsF1248)
RABBIT=FIRST+SECOND
WRITE(6515) NsRABBIT

FORMAT(1X s 9HREGRET(N=1342H)=F1248//)

%% (N=1)%PX (1)



IF (N=300) £22:2C920

20 LILIAN=LILTIAN+1
IF (LILIAN=2) 111s111.21
21 STOF

END
$ENTRY D1
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ABSTRACT

Tn this thesis we consider the following. We
choose the random variable 8, which has sowe fized
but unknown distribution with a finite second moment.
We observe the value x, of a oreliminary random variable
¥, which has an unknown distribution which is conditional
on 6. Using z and our past experience we are asked
to estimate the value of ¢ with a sguared error loss
function. After we have made cuy decision we are given
the value, vy, of a detailed random variable ¥, which
has an unknown distribution conditional on 6. The
random variable X and Y are agsumed independent given
a particular 6. Our past experience is made up of the
values of preliminary and detailed random variables from
vrevious decision problems which are independent of but
similar to the pre=zent one

With the risk defined in the usual way the Bayes
decision function is the expected value of ¢ given that
¥ = x. Since the distributions are unknown, the use of
the two sample nonpavametric empirical Bayes decision
function is pronmosed. With the regret defined in the usual
way it can he shown that the two sample nonparametric
empirical Bayes decision function is asymptotically

ontimal, i.e. for a large number of past decision problems,

the regret in using the two sample nonparametric empirical
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function tends to zero,
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