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ABSTRACT

In this thesis, the estimation of a cumulative total
is investigated through the usée of two groups of estima-
tors. The first group is comprised of standard estimation
procedures but with corrections in the standard deviations .
of the estimated cumulative totals. The second group
involves ratio estimate procedures but again with cor-
rections in the standard deviations. The estimators are
then compared theoretically based on these variances and
in the fourth chapter the estimators are compared through
a monte carlo study under various condltlons.




CHAPTER I

INTRODUCTION.

In many-instances it is necessary to estimate the
total number of occurrences of a given evént which will
occur in a future time period. Estimation of the number
of passengers expected to arri&e and depart from a particu-
lar airport during the next calendar year or the total
assets of a banking institution at the‘end of their next
fiscal year are ﬁwq somewhat different examples for which
related statistical techniques may be used.

In estimating airport traffic for a future year, one
starts with a zero count and accumulates for subperiods
(daily, weekly, or monthly) to finally obtain the cumula-
tive total traffic at the end of the year. When consider-
ing bank assets, one starts with the total aséets at the
beginning of the fiscal year and again accumulates the
_increase in assets over each subperiod to arrive at the’
total value of all accumulated assets for the end of the
year.

| The purpose of this thesis ié to preéent and compare
gseveral methods of estimating such cuﬁulaﬁive totals. For
ease of calculation, it is ‘assumed thatlthe subperiodic

(e.g. monthly) observations are available at the end of

T e
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each subperiod and that these subperiodic observations are
independent. If the observations are not independent, then
the methods can be altered in an appropriate manner.

A great deal of work has beendone on estimation for
missing observations (see Hamilton [ 5] for a eurvey and
bibliography of this work). Estimation of dependent.ran-
dom variables within the range of previously observed in-
dependent p;edictive variables using regression analysis is

also a well-known and widely used technique. However,

when the dependent variable to be estimated is based on

‘values of the predictive variables outside the range of

data which was used in forming the regression equation, the
methods are not reliable. Draper and Smith [2, p. 6-T7, 22]
warn about the problems encountered in estimation of future
observations. The major problem is the fact that the pro-
cedures usually used depend a great deal upon the assumption
made; for example, no change in the trend or that the chenge
in the trend is as predicted.

Since the data considered in this thesis will be cumu-
lative totals, i.e.; totals of subperiodic observations,
these totals will be dependent from one subperiod to
another. Consequently, standard regression methods can be

used only after performing suitable transformatious. to
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provide 1lndependence between the observations. This
procedure alone will not utilize all of the information
available. If one ignores the fact that subperiodic ob-
servations are available, the estimated value and the con-
fidence interval for the predicted cumulative.total may be
obtained in the usual way. This procedure is given as the
first méthod only to provide a reference point for those
methods which follow. However, i1f the subperiodié observa-
tions are utilized and since the ‘estimates are for cumula-
tive totals, the confidence intervals should be the largest
at the beginning of the period and gradually shorten as |
the period progresses until the interval bécomes a point

at the end of the period (since all the.subperiodic obser-
vations have been recorded).

The procedures examined willl use standard regression
analysis to determine the estimates in those cases where
the use of computer programs ié necessary. These proced-
ures have been divided into tWo‘groups; the methods.in the
first group utilize the data directly, while those in ﬁhé
second group involve ratios. The methods in the first
group involve basic regressioh procedures with appropfiaﬁe
corrections in the variénce of the estimators so that the

confidence intervals shorten rather than lengthen as the

g e——
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period progresses and subperiodic data beéomes known;

Ratios are used in the second group because when
variables are correlated (ratioé are usualiy consfderéd:
useful when correlations are greater than .5), the ratio
estimate reduces the variance of the estimated total, [see
Cochran, 1, p. 166]. In addition, the variables used in
the ratio contain information about the trend and-thus
these estimates should not be as "sensitive" to changesiin
the trend. The variance for ratio estimates can oniy’be
approximated but the degree of the approximation has been
studied and is referenced later. Again, the appropriate
corrections are made 1in the-estimated variance 6f the total
so that the corresponding confidence intervals shorten
rather than lengthen as the period progresses and subperi- -
odic data becomés available. |

The advantages and disadvantages of each proceduré are
examined and finally at the ehd of each group, the methods
are compared from & theorétical standpoint.

In Chapter Four, the methods are compared by.use
of monte-carlo techniques. The procédures are initially
compared under ideal situations where all the assumptions
are met. In each case, the model for the data is present;

ed as well as the distribution of the errors including

T e ™ Ti
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values of all necegsary parameters. Comparisons are based .

upon the percentagé of the confidence intervals which con-

‘tain the actual cumulative total.

By varyihg the trend and the distribution of errors,
comparisons can be made concerning the sensitivity of each
model to different assumptions regarding‘these'factors.

In some cases, the nmodel assumed was a continuous curve

with the trend remaining constant or with the trend chang—'

ing at the beginning of the current period; in other casés,
the model contains a shift upwards (or downwards) in the
trend, again at the beginning of the current period. All
possible combinations could not be examined but severél
different combinations of trend and distribution of errors -
are ahalyzed under each method. o
| Finally, a comparison of the estimates is presented,

based upon the monte-carlo study as opposed to the theoret-

ical comparisons glven earlier,




CHAPTER II

ESTIMATES - GROUP 1

Each of the methods of esfimation in Group l:utilize
standard regfession‘analysis to obtain estimates of ﬁhe
futurelobservationé for the n+ivpefiodo' Each method given
in this chabter uses these estinates to form an estimate
for the cumulative total for the (n+l)st period and its
assoclated confidence intervalo | | |

For all of the procedures described in Groupll, the
basic model is the séme. The cumulative totals are to be
estimated for the (n+l)st period. It will be assumed that
tnefe are n periods of past data, each containing m-sub- |
_périods, and'thét data 1s availlable for all these subperiodgw
For examplegﬂperiods could be years, while subperiods could_
be montns:of'weeks. " The folloWing notation will be employ-
ed in deScfibing the various models. -

Definition of Symbols
t = index of observations, numnergd in order from .
one for’tne'observation from the firét sub~-
period to mn fnr the dbsérvatinn from the
last subperiod of.therlgtest:cqmplete periqd,-

‘.., t = 1,2,...,m0,

— ™ T
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cumulative total for ﬁeriod j (Yj-

7

observed value of the random variable_in

(= pji +.€41) for the i-th subperiod of

' the j-th périod.

mean.value for the i—th subperiod of the
j-th period. (For the purpose of this
thesis, the uji's are. assumed to have‘a
polynomial representétion in't.)
error.térm for the i-th subperiod of tﬁe

j-th period and it is assumed the € are

identically and independently distribuﬁed,
with a mean of zero and variance_of'déi

variance for subperiodic observations.
périodic total for the j-th period at the
end of the i-th subperiod; that is, the
sum of the first i subperiodic observations

in period j. (Usually i will be equél to

e = a0

= p(m)y
=y

- estimated periodic total for the j-th period .

based upon data for the first i subperiods

of the j-th period (i = 0,1,...,m-1). When

i = 0, no data is available.
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- MODEL - GROUP 1

" In deriving a suitable model, any properties that the
estimatés should have must be taken into consideration.
Assume the subperiodic observations are independently dis-
tributed random variables. Aséume also, for ease of calcu-
lation, that the variancés are the same for all subperiodsf

Based upon the estimated periodic total, an "estimation
interval"'wili be formed. Ideallj, as additional subperiod-
ic data becomes avaiiable, the estimation intervals will
becdme shorter since only the portioﬁ of the cumulaﬁive
total due to the remaining unobserved subperiods 1is un-
known. Finally, after the last subperiodic observation in
the presentAperiod becomes available, the cumulative total
is known so the estimation interval should reduce ﬁo,a
point, the actual cumulative total for the just éoncluded
period. |

Ordinarily'whén Y, = Z?=l X.;» the variance of Yj

'J Ji
would be
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m

var(Yj) =3 4 Var(in) + 2 i%k cov(in,XjK)
i<k
_ ol
=X 4 var(in)
2
=mo_ ,

since the subperiodic observations are assumed independent
with equal variances. However,_since.the oﬁjective is to
estimate the.actuai periodic cumﬁlative total,-(not the:
mean value for similar périods), subperiods for which ob-
servations have been realized should not enter into the
variance of the actual cumulative total. Actuai sub- |

. periodic observations will.be used when availab;e in
calculating the total and these actual subperiodic obser-
vations contain "no error" reiative‘to the actual cumula-~

tive total. The estimate of the cumulative total will be

obtained by.first estimating those subperiodic observations -

that are not available, then the estimate of the cumulative - -

total .is found by summing these estimates together with -

those subperiodic observations that are already available:

Thus, the variance of the estimate of the cumulative totail
is due to the deviation of the estimated values from the
actual values andlnot from the deviations of the actual

values from population parametefs.‘
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Therefore, the model for the cumulative total before
any subperiodic observations are available will be the sum

of the mean and error terms for each subperiod, i.e.,

(0) _ sm
Yj = Zi=1 in.
The model, after the observation for the first sub-
period becomes available, will bpnsist of the obsérved
value for the first subperiod plus the sum of the mean and

error terms for each of the remaining subperiods, i.e.,

(1) _ |
Yj le + Z 2.XJ .

Continuing in this manner, replacing the mean and error
terms for a subperiod with the observations as they become
available, the model for the cumulative total at the end.

of k-th subperiod becomes

6
T3 = 3ia1 ¥t Timen f51

Finally, at the end of the last subperiod the model for

the cumulative total becomes
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Notice that at the end of the last subperiod, no error
remains in the cumulative total because at that time, the
cumulative total is known exactly. Therefore, an
estimate for the cumulative total after the end of'thé
last subperiod is not-required.

| The foilowing notation is reqhired to express~the
model in matrix form. Matrices are denoted by bold face

print and the case m=12 is shown.

- - = (0)T = “ - B
g1 r{®) 15511 €5 1.
_|ta2f v(1) £y 0 €5 0
Y 7L j={.7 X5 =4 - By = | -
| 1 x|
" 13 L_Y§ g L J 12 53 12
O000000D0O0O0OQ dﬁ
1 000000000CO0CO0
11 00000000O00O0
11 1000000000O0
111100000000
M = 111110000000
- 111111000000
111111100000
111111110000
111111111000
111111111100
;; 1111111111 O~




=
no

OFHKFHMHHHHEFEFRHF
g H ey

CO0O0O0OO0OOOOO KK
COOO0O0OOOOOHKHK
COOOOOOOKKHKH K
OCOOCODOOO I =
COOOOOHKHHH MK
COOOOHKHHHMHM K
COOORKHIEHHEFHE
OCOOHMHKFHRFHH
COHHHHRRFMKFKHRH .

rOOOOOOOO'OOOH

The matrix model for the j-th period is

Y s

=MX. + NU: + NEs «
j SMXj +NUj * NE

d J

N :
Let Uj be an unbiased estimate for Uj' Note ﬁ% is a

matrix of estimates of the subperiodic observations.
THEOREM 1. An unbiased estimate of 8G@5) is given by
Y, =mx, + N0
J 03 J -’
. &(Y.) = .+ NU: + NE:
Proof G(\(J) X 5 + NUy NEJ)

since %ﬁEj) = @. Note, 6G@ji) = 0 by assumption.

In these expectations G = {in,...,ij}. In the following,

‘H = {X-ll,.l.,x‘j_ljm}.
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Al Y.) = ~ . +NU.) = . U
so, }gH(YJ) %_I(MXJ NUJ‘) MXJ‘ + NU; becausg

%(UJ.) = Uy . Thus,Y;, is an u.nb:‘Laldsed "estlfnate of gG(Y-j)f‘ :

THEOREM 2. The variance-covariance matrix £

. for Y. is
: J

B m m_l m_2 m"3 LY K K-l .0 : :LﬁT
m_l m_l m'_2 m_3 LI ) k K_l . e . 1
m-2 m-2 m-2 m-3 ... kK k-1 .. 1
m'-3 m-3 m'-3 m_3 ) © e 0 k k'_l ) 1 ‘
_ L 2 ° ] L) ° '_ 'Y . P
$ = Ge ' [ . L] . ] . o .
K K . ]:(_'_ K e e K K"l oo l
k-1 k-1 k-1 k-1 ..: k-l k-1 1
1 11 1 ... 1 I .. 1
- o
Proof Var[Y<i)] = Var[zi x, A5 A €]
: i k=1 *k “k=1+1MKkk=1+1% jk

. L
k=il Vo (€ 5)

il

Var(s = 3

K )
k=1+1€ jk

(n-1)0Z

]
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Assﬁmé:i < ity |
(1) y(11)y -
COV(?J_ 'Yj )

sr(xft) - ex(M)) (xf*) - (et -

m m
8 [Spmiqa1€grd © Exrogrpre g 1)
it m m .
8 [Zymg 1€k + Zpmirg1€gi) ° [Bregipge gl
it m
8(Zk=i+1€ 3k * Zk'=i'+1€jk')

: m ° LI ) =‘ . -
+ 8{Zk=i:+lejk ZK.'=i'-|'-l€j‘k'."}' .
il m . e |
Zk=i+1 Zk'=i'41 g(ejk>6(€jk')
m 2 Som | S =
R L P R T, L L 1
: ' ' k<k! -

.m 2 _
O+ Seogryy Sley) +0 =

m-it!)g2
Thus, % is as shown. I.

For m=12, &lis




=]
Ul

15 11 10 9876514 3 51

11 11 1098765 4 3 21

101010 987 654321

9 9 9987654321
: 8 8 888765432 1) -
g - T-7 7777654321 2
6 6 66666543211 %

5 5 5555554321

L4 444 hhhl3z21

3 3 3333333321

2 2 22222272221

1 1 11111211111}

Several methods will be described to obtain estimates
for the cumulative totals. The first methed involves
- estimating the'cumulative total direetl&,while the re-
meining methods in this group involve estimating the
unavailable subperiodic observations, i.e., Uj‘s, and then -
forming an estimate of the cumulative total by summing .
observed and estimated subperiodic data.

The variance-covariance matrix for ?j 1s presented
separately for each .of the methods considered because it is
a function of the wvariance-covariance matrix for the esti-
mates of the future observations.

Any model -  may be used for obtalnlng the estimates of
future observations based on hlstorlc data. However, 1n
the- 1nterest of 31mp1101ty, polynomlal models have been

used for each of the methods presented in this thesxs.,-
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ESTIMATES

Method 1 - Prediction Based On Periodic Totals

.This is the only method of estimation for the cumula-
tivp tQtal in Group 1 that doeé'not involve eétimateé for
the individual-subpériodic observaﬁions. To prédiét Yn+1;
compute fhé cumuiatiVe totals for peridds one thfoggh n

.and base the estimates on a regression equation of\the

" form
: Y= TB+S8,
where
Ylj 101 1 ... 1 1]
k P
7. 1 2 L Cee 2 . 2
Y= [ ] T= : :
-;- - 1 n n2 "0 nK o e 0 l'lp,
n 2 zm he
-ﬂ - "1
Bo 61
Py 02
B =" . and 8= .
B. ) o
bp¢ Ln—
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That is, regress the totals versus a polynomial of degree

P (¢ n) in periods (time),

= . X .2 . P, :
Yj ‘ BO - BlJ + {323 S T +,BpJ ; OJ'
“where 53 is the error term for the j-th period. Note

. 0
05 = 3y

=1 eJi'
From this regression an estimate of -the trend. and an -
estimate of the variance of the error term for the periodic'

total is obtained.

Based upon this regression, one obtains
e
Bo
P

A -1 : .
B= (T'T) TY="

é

.5_..9' .

Using this estimate of the p's, the‘éstimate of the

periodic total for the coming périod ((n+1)—st period) is 

§(0) Bo + By(ntl) + ... B (ni1)P .

This estimate is the best linear unbiased estimate (BLUE)

among all estimates based on the cumulative totals
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[Graybill, 47 (under the previous assumptions and by assum-
ing the error terms t6 be normally distributed). Therefore,

an estimation interval can be obtained such fhat

[?(O) ' (0)

-Perl...X n+17%g/25 < Ypa1 = Yyl + 2y /28]

n+l,m
In this expression, Za/Z is the standard normal deviate such

that

Pr(Z‘Z Za/z) = o/2, and

2 _ ar(300) _ p ) Laie?
s” = var(Y, ] - Y1) = [ +&(T'T ) "A'Isy.q

where é%_T is the error variance obtained from the regres-
sion analysis and A= (L (n+l) ... (nfl)P). Z is used as
an approximation of the student”é t distribution. This
type of approximationiwill be used,iﬁ.subsequentlsections.
for the t and the Satterthwaité apﬁroximate t.

In sﬁbsequent methods, the estimation ihtervals of
the type above will be called estimation iﬁtervals of

level 1-a and will be expressed in the form,

/fg% tlg/p t(8)
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This method is preciselj identical to the manner in
which one would predict a future observation based-on
drdinary regreséion techniques. Consequently, it is sub;;
jeét to all of the usual limitations on this type .of pre-

diction. These limitations include:

1) the prediction cannot be updated as sub-
periodic data becomes available,

2) it is dependent on a continuation of the
assumed trend during‘the'future periqd
being predicted, and

3) the variance of the estimate does not
decrease to zero as_the subperiodic
obSerétions become availablé since théy

are not utilized in any way.
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Method 2 - Prediction Based On .Subperiodic Observatioﬁs -

'~ Separate Estimates for-Eébh'Subperiod

For this method, an estimate of the cumulative total
is obtained based on individual estimates for‘eéch of the
subperiodso |

Since estimates for each of the,sﬁbperiodic obsef%a;
_tions in the coming period are required, m regreésidns wiil
'be needed, one for each subperiod."For each.sﬁbperiod Y

(1 =1,2,...,m), the model used will be |
Koy = Byg + Bygb + eon + Biptp +ngs
J = l,...,n'

- whefé N34 is the error te?ma Nofe, may not éqﬁalAé.‘
since 31 is the failure ofIin to follow the polynomial’
equation, ﬁot the error from the mean value and would be
equal'fo eji only if the assuﬁgd trend is correct.,ﬁThe”'u
_ values of t.for consecutive observations included in ﬁhe

' regression analysis for subperiod 1 will be

St o= igdtm, i+2m, ..., i+(-1)m .

“ From the regression run for subperiod i, one obtains ‘esti- -

:jmates of

31 AFEa

7t T
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| 2
Pio> P15 «vrs Pyps 8nd oy s

denoted by
{ A B. ., B and 52
| 102 Pi1s ++e2 Pip> in’
i
Using the matrices
Xli . Bio . nl]
[\ . X2i . -Bil . Moy
\ ox(®) o s(t) -] . ) -
*nif 2 | Pip] . oyl
i ; m)? .. (anm)P]
hﬂé ) - [1 (i+om)(i+nm)© ... (i+an)®]  and
1 1 12 e ]
1 (i+m) (i+m) (1+m)P

the model is

giving

— — T ™TTT7T



“unbiased, Also, the estimated variance of (Y

22
The estimate for the i-th subperiod of the coming

period 1is, therefore,

o _ (1) L oa(d)
Lpr1,1 = Mg B

This method is the BLUE among all estimates formed from

- this data.
The estimate of the variance of (Xn+l,i - Xn%l,i) is
a2 2 an (L)1 () Tan(1) y = 1oa(d
62 = 521 +m{t) " mL) ml3)y~tyll))

where S? 1s an estimate of residual error from the
standard regression run for subpériod i,

Assuming subperiodic data 1s available for k sub-
periods of the (nt+l)-st period (k = 0,1,...,m-1), the

estimate of the periodic cumulative total 1s

?(K) - K m -

ntl T 2120 *p+1,1 T Zizk+l Fnel,i

where, Xn+1,O Z 0,
As a-diréct result of Theorem 1, this estimate is

S(k) .
n+l Yn+l) 18

V2 \ = Tar[s® . (X - X )]
(k) - i=k+1V\Tn+l,i n+l,i
2 Z'm A2

i=k+l %1 °
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Let §, be a matrix of dimension (1 X i) whose elements

are all zero, and 1, a matrix of dimension (1 X 1) whose -

elements are all one:; glso note

1 d
n+l - (¥n+1,1’ R Xn+1,m)

and
A

. - ~ ~ .
Un+i .(Xn+l,l’ Tt Xn+l,m) )

Then, for k=0 (before any subperiodic data is observed)

S(0) _ a4 - o
Yn+l - ¢m " X1 Py 0 Upyg o

i.e., the estimated total at the beginning of the period is
the sum of the estimates of the subperiodic observations.
'Forl§>70,A

S(R) . rq o . , 4.0
ntl = [t Bl = Xppy * [0h Ty ] = Upyy 3
that is, the actuai subperiodic observations are substitutedﬂ
- for their estimates as they become availablg.
Estimation intervals can be formed for subperiod i

of level l-a by

%éi% (2o )01y -
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These intervais may be used to see if the assumed trend

has changed; that is, if x is not contained in the

n+l,i
interval, then the possibility that the assumed trend has
changed is greatly increased.

The estimation interval of level l-ag on the estimated

cumulative total for period (nt+l) at the end of the k-th

subperiod is

Advantages of this method are:

1) estimates for the cumulative tétal
can be updated as data becomes
‘available fof subperiods,
2) subperiods can be used to check for
a chéngé‘in the assumed trend,
3) the variance of the estimated cumula~-
" tive total decreaséé-a8~data bécbmés -
available for subperiods. .(Note the =
vafiance of the estimated total would
decrease to zero if an estimate were

formed at the end of the last sub-

period),
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4) variances of the error terms for
different subperiods do not need
’to be assumed equal; however,
variances for the same subperiod

. in different peribds must be equal.

However, a disadvantage of this method is that because
of thé humber of péfémeters to be éstimétéd which depends
on the degree of the fltted polynomlal, a great deal of ,
data Would be needed to have sufficiently many degrees of
freedom for the estimates of the variance. For instance,
five périods of data would only give one degree of freedom
in each error variance if a third degree model is used.

If the variances of the error terms for different sub-

periods. are assumed equal, then it i1s possible to combine

all the m regression problems into one analysis
[Zellner,1l7 ]. This in effect increases the number of de-
grees of freedom in the estlmated Varlance of the error
term. However, the dlsadvantage of dlfferent trends for

each of the subperlods remains.
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Method 3 - Prediction Based on Subperiodic Observations -

Combined Estimates For All Subperiods

One of the disadvantages of the preceding method is
that a large amount of data is'neceSSary in 6fdef to ob-
tain sufficient degrees of freedom for the estimatés of
the error variahce. -This third method utilizes the éssump—
tion of equal variances for all subperiods in order to in-
crease degrees of freedom for error variance., This is
accomplished by combining all the data into one regression
run. In addition, the disadvantage of unequal trends for
different subperiods encountered.in Method 2 is overcome
by allowing only one equation for the trend.

Define the following matrices where

" n = number of periods of data availéble

m = number of subperiods per period,

1 [(jjl)m+l][(j-l)m+l]2 oo [(j~1)m+1]p1
1 [(3-1)me2][(J-1)mi2]? ... [(§-1)mr2]P

J __— . .
:—[(j-l)m+m][(5-l)m+m]2 oer [(§-1)m+m]®
@ 1= (000 ...0)




Thus the model for the j-th period is -
X, = M, .B +.E, .
- d - d EJ

For the first period (j=1) the model is .

. EIm-l -
Xy =My B +Ep = T bot | B4 By
.,  Pn-1 o
3 l q '
o1 .. 1 110 oy 1Po
1 2 ... 22 7 o1 ... ofiP1
1 m-1 ... (u=-1)®» o0 ... 1{[Pp
p ym o memmmmmaa § e cnee
—1 m ..oo m 1 O O 0.0 @ O= Bp+l
gI'I'l'l‘p

T T




28

Similarly, for j=6,

Tl Sml ... (5mrl)P 1o ... ] o 1 [fex
1 5m2 ... (m2)® 1 o1 ... of [P1 €60 -
1 6m-1 ... (6m-1)P oo ... 1f}Pp €6m-1
| =.1 bm ... (6m)® o0 of |Ppi1 <6m
Prtp-1

Spécifiéally for the first of four subperlods (m=4) and

- assuming a quadratic model (p—2),

11&100 Bo) €11
| 12 4k o10flp ¢
X, =]13 9001 114112
15416 00o0f{P2 €13
| B3 €11
By
"5,
or,

X1 =By +By * By +‘.B‘3’ teqp
Xpp =Bo By By F By + €12
X13 = Bg +3p, + By +B5 + 613
Xy =Byt 451 + 16{32 + el3
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Thus, B,, B; and B, are the coefficients for quadratic
trend in index of time while 63, By and 55 allow for
differences due to the subperiod (i.e., a subperiod effect).

Therefore, in general for a quadratic model,

(B + By ((m-1)3+K) +.
Bo((m=1)J+k)™ + Po ) + fik ‘
X i =4 whén k = 1,...,m-1

Bo + By(m) +By(md)% +

JK'When k =m

\owy

where J is the period and k is the subperiod.

The model for all the data is therefore,

' and - ot L

X My Eq]
M E
Sa] LMo LR
= MB * E .

Based upon the overall regressionsan estimate of B is

B = (MM) X
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and .an estimate of the error variance is

the residual mean square.
Let-l
Moy = (1 .(nm+i‘) coo (om+i)Pcy)

Where'Ci‘is a matrix of dimension 1 X (m-l)'wiﬁhmall
elements equal to zero except for the element in the i-th
column which is equal to 1 (for i = 1;,..,m—1). For i=m,
all elements are‘zero. Using these propertiesg the
estimate of the observation for the i-th subperiod of the
(n+l)-st period is ' |

Xn—i—lgi =MyB for 1 = 0,1,...,m-1

with gp ;egbimated . variance for (Xn+l,i - Xn+1,i)_°f:“ .
A2 2 gy =
5T = Sk (1 +my M) ;)

Based upon these estimates for the subperiodic
observations, the estimates for the cumulative total at
the end of the k-th subperiod have exactly the same form

as those. for Method 2. That is,
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5(k) _ gk no s
Tntl T F1=0 ¥na1,1 T Tiskil Fng1,10
where Xn+l,O = 0. However, the covariance between

N

(Xpp1,: = %

n+1,i)
and

(Xn+l)h - Xn+l,ﬁ)

. is ‘not zero as in Method 2. Therefore, these covariances

must be estimated in ofder to find an estimate of the =

- o(K) _
variance of (Y . { - Y . 1)>

A /\/\ A :

Oin = COVI(Epp1,s = Xppr,1) o Ko = Foga,p) ]
_ a2 1 -1 ,
—SXWIMOi(M'M)- Moy

s . o o(k) o
Thus, the estimated variance Of,<¥n+l Yn+l) is

.2 . _ ml - A2 m- m ~ -
V(k) T Zi=kal %1 T Tisgdl h=ktl Yin
' i#h

Consequently, the same procedures can be used to'form

‘estimation intervals ™ on the subperiodic obéervations and
on the cumulative totals.
Advantages of this method are:
1) estimates of cumulative totals can be updated

as data becomes avallable for subperiods,

—TT T
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2) subperiods can be, used to check for
changes in the assumed trend,

3) the variance of the estimated cumula-
tive total decreases as data becomes
available for subperiods;

4)  increased degrees of freedom for
residual error are obtalned from the

- game amount of data as fbr Methods 1
and 2,Aana

5) different equations for the overall
trend in each subperiod will not occur.

The main disadvantage of this method is its

inability'to correct for changes in the assumed- trend.
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Method 4 - Prediction Based on Cumulative Subperiodic Data

In somé cases it may be inconvenient to observe thé
subperiodic observations; however, the cumulative totals
at the end of each subperiod may be available. Although
it would be possible to convert these cumulative sub-
periodic totals into the individdallsubperiodic observa-
tions, this would be time consuming especially if there
is a 1aréé amoﬁdt of_datao Therefofe,'this procedure
utilizes tﬂeéé_cumﬁlaﬁive totals (ﬁot the individual ob-"
servations) as an indepéndent variable in order to:pfediét -
the total for the current periéd. 'In addition to removing
the necessity of converting to individual subperiodic- ob-
servations, this procedure uses information from prévipuSﬁ
subperiods, i.e., for. subperiod two, the cumulati&e ﬁotéf
at that time is composed of the observations for suﬁperiéds R
~one énd two. | .:

LetZ§i)“be theféumulativg tptal for the j-th period
through the end éf'the i-th subperiod.

- Then fbr'i = 1;:,.,m-1, regress the models

¥y = B(()i) + B§i)t +Foeee + séi)tp + aéﬂzgi) + \igi)

where t = 1,2,...,0,...,0m ig the index for the observa- -

tions and v§i) is the error term for the i-th subperiod of "




the j-th period.

Let .
S
Y i
y= | gl _
Yn
b -
and
1 i
1 m+l
1 kmti
" where k = n-1. Then,
Y= M

(1)

and the estimate for B

(1)

34

(i)

is given by

(1) -

ﬁ(i) - (Rﬂ(i)' m(i))—l 'Wﬂ(i)' v .
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Therefore, based upon the regression ét the end of the
i-th subperiod, the estimate of the cumulative total for

period n+l is

?(r(l}r% =M, B (1) = 11 (amti) ceo (nme)P Zr(lﬂ] (%)
The estimated variance of ¥(1) - Yy is
v?l) = mii s%l) + S%I)Mi(ﬂﬂ(l) M),
+ S%l) - 2B S%l)

where S%i) is the residual mean square error from

regression run i.

The estimation interval of level a is given by

where Z is the usual standard normal deviate.

Advantages of this method -are:
.1) the estimates of cumulative totals -
" are updated as data becomes avail-

able for subperiods,
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it is extremely easy to run regressions,
since the set-up of the design matrix
Wﬁi) is straight forward, and

the variance of the estimated periodic
total decreases as data becomes avail-

able for subperiods.

Disadvantages of this method are:

1)

‘it is difficult to check if the

assumed trend has changed, and

the degrees of freedom for esti-

mated variance are reduced.

T 7
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COMPARISON OF ESTIMATORS
One of the'primafy ways to compare methods of estima-~
ﬁién ig to compare their varial;lc;eso The theoretical values
of the variances for each of the estimators in this chabtef‘-'

"will be examined.

Method 1

The estimated variance of (§(3%

- Yn+1>u§s given in
Method 1 on page 18 is

-1
)

t. 1
L+ A(T"T A'lSy.

where S%-T is the residual mean square error which estimates .

m 053 proVided the model is correcﬁ. Note that c%;i12_m éef

‘for Method 1 [Draper & Smith, 27.

Method 2

The -estimated ?ariance of (%éi% - Y, i) for MeﬁhOd,il.-ﬁ'
2 given on page 22 is - |
gm g2 (£)" (D) g (2) 55, ()
Ziger Sp(L+ MyT (M MA77) M)

*whe;efsi is the reéidual mean square error from the i-th

régresSion fun; Provided the model is correct, S? esti-
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mates 05, otherwise SE estimates qf,which is greater than

2

O .
S

Method 3

R . $(k ‘ 1 vern 4
The estimated variance of (Y£+% __Yn+1) as glven 1g_

Method 3 on page 31 is

2

Zi=k_+1_ Sy (L + MA (M) mOi): S
m Loom 2 - -1
Zickil Zhegrl Sx.( Mo (MTM) T o).

i#h

The theoretical mean square.error is greater than or
equal to GS depending on whether or not the model is the

. true model.

Method 4

n+l

The. estimated 'variance,of'(Q(l) "Yn+I)‘aS given for

Method 4 on page 35 is

S m-i. 2 2 i)t i)y-1
ot sl v sy mym (D Tm ()7 my

-
where Si is the residual mean square error.

T 1l .
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Since each of the above expressions involve matrices,

it is not feasible to compare them in general. However,

when there are 12 subperiods per period and five periods

of past data, then at the beginning of the sixth period,

the theoretical variances are 26.2 og for Method 1,
26.2 OS for Method 2, and 25.2 og for Method 3. Since the

theoretical variances for Method 4 depend upon the data
itself, these variances were not calculated. At the end
of the sixth subperiod of the present period, the theoret-
ical variances are 12;6 OS for Method.2 and 9.9 cf fdr
Method 3. Note that Method 1 cannot be updated and there-
theoretical variances are 2.1 OS for Method 2 and 1.3 QS

for Method 3. Thus at the end of each subperiod, Method 3

‘hag a slightly smaller theoretical variance than does

Method 2. In addition, Methods 2 and 3 always have theor-

etical variances no greater than that of Method l.

- fore is not'changed. At the end of the 1llth subperiod, the .

| oF Bt




CHAPTER III
- ESTIMATES - GROUP 2

The estimates in this group will utlllze ratio estl—
mates comprlsed of the cumulative subtotals divided by the
perlodlc'totals. Ratio estimates are de81rable‘when the )
correlation betweeh the numerator: and denoﬁinator‘ié
‘greater than five tenths. The ratio estimate has a larger
variance than:the reéression estimate (Method 2_h without
any trend terms) unless the regression is a straight line

through the origin because

& 27 .2

while
Var(Yratlo) = s§ + R®S% - 2RpSySx.
Therefore,
Var(?reg) < Var(?ratie)
“provided .
| -p?s% < R%s% - 2Rpsysg
or

(pSy - RSX.)2 > 0,
“which 1mplles the relation between the two varlables 1is a

stralght line through the orlgln [Cochran 1 p. 199- ~200].
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In addition, information about the trend is contained
in the observations and cumulative subtotals so no terms
are needed in the "model"” to explain the trend as in
Chapter II. Unfortunately, ratio estimates are not un-
biased. This bias will be examined in detail for each
method considered.’

.ﬁse of ratio estimates will reduce the variability be-
cause the observations as well as the cumulative'subtotéls'
are correlated with the totals for the period. When ratio
estimates are uséd'for estimating a total, the. ratio is‘
estimated first. Since this ratio has little variability,
the total is estimated by multiplying the value of the
denominator variable (assqmed known) by the estimated ratio.

The model for the subperiodic observations will.be

X,]l = pg + OLL-J + EJl for i = l,2,.-..v,m and
i=1,2, ..., ntl.
where
i = mean value for the i-th subperiod.
a3 = mean valué for the Jj-th ﬁeriod. o
€53 = error term for the i-th subperiod of the j—th:

period and 1t i1s assumed the €ji are identically
and independently distributed with a mean of

zero and variance of 0%.




ho

variance for subperiodic observations.

periodic total for the j-th period at the end of

the i-th subperiod; that is, the sum of the
first i subperiodic observations in period

(zgi) - zi;l'Xjk).

cumulative totdl for period
’ (m) m
(Yj = 23 = Di=1 in).
estimated periodic total for the j-th period
based upon data for the first 1 subperiods of

-the j_th periOd (i = O,l)-.-,m"'l)-

Tt T
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Method 1 - Prediction Using Separate Subperiod Estimates

Based on Fractions of the Total.

Since the total for a period and the cumulative total

through the i-th subperiod of that period are strongly

correlated, these variables are used to form the ratio,

- estimate. Define the fraction of the total observed at

the end of the i-th subperiod as

(D) - gzt /8(x

n+l n+1)

This ratio is the reciprocal of the "standard" ratio
estimate. The estimate of the total for the (n+l)st
period is the observed subtotal through subperiod i di-
vided by the estlmated fractlon of the total observed at

that time. The fraction of the total observed is esti-

mated by

R(1) _ ”Z‘(i)/?
where

Y = Z?=1Yj/n
and

Z(i) = Z?zlzgi)/n°
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An estimate of the cumulative total for period n+l at

the end of subperiod i is given by

6] - sBAD.

The bias in this ratio estimate, 7(1)
. Since

(k) k k

Z. = Zizl u- -+ de -+ Zlﬁl EJl
and _ '

m - ) m

Yj = Zi:l ui + maj + Zizl eji

it follows that . '

: n m on mn
Yo = %323 Y3=nZij-) pg tmIg=y oy t+ L33 €53

. and that
z(k) . + k o8 R s
O LS j=1.-3 i3 31
Therefore, the estimated ratio is given by
' k kn -
plk) _ mZi=1 P+ k -1 o + i3 €55
- aIn . 1113
n Zi=l ui,+ m Zj:l aj + Zij Eji
while '
(k) k '
-R(k) &( n+l) - Zi—-—l by + koL1’1+l
6(Ypr1) - xm
n+1+ ! .+ .
Bioy By Fomoy

Consequently, the expected value of the bias is

> 18 now examined.

T

T
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galn) r(K)y - g(&g _r(v)y o g2t ;{.R(K) LYO'); -

Yu'
pected value of the bias is

Provided (i—) and (ng) - r(K) Y.) are independent, the ex-

6 8 - v vy = 6d sl - §EED vy .
gk)g _ g (k:) . n+1l
sk o2 n )7

n+l)
8 gy 8648 (,,) - sefihr).

If one can not assume the 1lndependence required, an alter-

native method of examining the bias is given later.

Assuming g(%—) = gT%ry , the expected. value of the
bias is |
1 L L _ gn .
L 1689) &Y, 1) [(motyq = 25 ay)

k m
(m 2y by = K250 wy)l

Since ¥ is an unbiased estimate of &(Y.) and §n+1 is’

an unbiased estimate of &(Y ,.an estimate of the bias

n+1)
is ‘




L6

=1 aj) :

n
[(nopy - 25

-'%>“4‘
>

‘Yn+1

k m
(m 2y g - K250 0y)]

An alternative method to find the expected value of
the bias is to expand the estimated ratio, a(k) - 7<kX/?,
in a Taylor Series about 8(7(K))/3(T), provided the Taylof .
Series expansion is convergent. bropping all terms of
order higher than two, the expected value of the biés is’

\approxiﬁatelj
N i

g&(x) _ ROE)y 2 (2w v w3) /(30 g u) -

. K _ ‘ ‘ " ‘ . | N
- D L g mipp) t

2 k -~ mo -3
(mo=/n) (25_q My + &)/ (S54q by + m2)~ -

(ko®/n) (1)/(]_y uy + nd)".

In examining this expression, as well as the first one ~
derived, the expected-value of the bias is approximately
zero under the following conditions: | |

i; If ﬁhevuiﬁé'are all approximately equal»énd'if_

a n3 OT»

n+1.ls tbg average of Qq5Qpseeesd

Com . k
2, 1if kzi=l“i is approx1mately.equal fo M5k o
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ln addition, the bias. decreases if ?n+1.ie increased
'significantlyn It is important to note that although
different assumptlons were made for each of the der1vat10ns~
and although dlfferent express1ons for the expected value
of the bias were obtained, in each case, the expected value
of the-blas 1s'approx1mately zero under the same condltlons.

Note that if the standard ratio eétimate ie used, the -
estimatedbiaehae Z&ig :
‘andiwould-therefore be larger. Thus, the'bias is a func- .

in the denomlnator instead of Yn+1.’

“tion of ¥ the subperlod, Kk, and the number of subperie

. n+l?
ods, m, as Well as a functlon of" the w's and ol s° The

expre851on for the blas as derlved can be used to approxi—
mate the bias at the end of'each éubperiod;' ‘

In order to examine the behavior of this bias, the
following example is presented° Example: Assume'that data
is available for three past periods and that each period
had. observatlons taken after each of three subperlodso
That'ls’,XJi

= ui + 0. + €., for J = 1,2 3 and i = 1,2 3 ]
- Let z(k) ol ’

. N ! .lJ Jl
Ky

1=1 %312 aJ J, u = 1+1O and eJl = —l O 1

- with equal probab:Ll:Lt:Les° Assume the. errors were all zero S

during the flrst three perlods (1e°, perfect knowledge)
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Thus the following results could bé obtained for the three
subperiods in the yth period (j=4).
Subperiod 1. Subperiod 2 'Subperiod 3'
WY et xR ew®)) xy oy

_ 45H
4o
47

L6
b7
48
L7
48
e}

he ~
4r -
48
Lt
48

15 451 46

1 45,2 - ar 16 46.7. L7

Oy OO~ OY JOO O

L 17 u48.2 18

- 15 U6.T 47

15 48.5 48 { 16  U48.2 48

e A = R ol i = e

=

L 17 ”’A49.8. 49

o A ’_._J\_‘,-A-ﬂzvt-'A-ﬁr—A—‘

f 15 . 48.2 L8

=gty

16. - 519? : 4o ¢ 16 49,8 hg

gy

mﬂ@ o~
-
\O

h
H
~3
Ul
=
w
eI
o
,..A—‘
argiync
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1) _ Rty vy o 39
) CIP O R 3095

o)
Il

7(2) - 2{2) + 2f7) 4 oL2) _ 8L gung
| z£3) + Z£3) T z§3) 26 e

Thus the expected value of the bias in.the cumulative

total at the end of subperiod 1, is given by
&(bvias) = %(45.2—47 + 48.5-U8 + 51.7-49) = 1.4/3 = U7 ,
Also, this expected bias at the end of subperiod 2 is

&(bias) = %(4501-46 + U6.T-UT + L48.2-U8 + U6.T-UT + UB,2-UB+
49.8-49 + UB.2-48 + 49.8-49 + 51.3-50) = .22,

Note that if the errors were large relative to the
obsérvations, this bias would increase.

Procedures hdve been-devised‘for removing the bias when
ratio éstimates are used; See, for-examplé, Durbin [37,
Rao [7], Rao and Webster [9], and Schucany, Gray and Owen
[12]. The application of these various procedures to this
ﬁype of estimation is a matter for further study.

The variance of the estimate of the cumulative tbtal is

approximately
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Var(Yé+%)

e (rax(z{3) - 26(%,,) 00 (2], 80) 4
[é’(inﬂng var &(1)},

For this thes:Ls, it will be assumed that Z(H)L 18
approx:mately equal to Z<l). The approx1matlon error 1n
~ Var a(2 1) ‘based on these assumptlons is less than 97 to
terms in 1/n . [Sukhatme, 15]. -
~ In the follow1ng procedures, use of the term approx14
mate.varlance W1ll refer to the degree of approx1matlon .

resultlng from the ratlo estlmate.

The theoretlcal values of

Var Zél), Var Yk; and

i
vCov(Z( ) Y,)
are found from the assumption that

I COR R
2y "= aoRg

‘That 1s, the 1 th subperlodlc total is. the sum of ‘the ob-
servatlons through superlod i of the k=-th perlod .S;nce;
S the subperiodic,observatlons are assumed 1ndependent:

SN o . . 2
with common variance, oeg




At first this appears contrary to the variance expressions

derived in Chapter II. In Chapter II the variance of the"

predicted value invoived errors for only the remaining

subperiods since the observations are available for the .

first subperiods of the period. Here, however, the vari-

ances of the subtotals are desired for past periods, which
indeéd do involve errors for each observation in the sub-
total.

Since

= g(m)
Te o= 2,

Var Y

i
B
Q

k

In order to find the variance (approkimate) of the ratio
estimate, the covariance between the numerator and denom-
inator of the ratio must be found; that is, the covariance

between the subperiodic and periodic totals is needed.
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THEOREM 3. COV(Zél), V) =1 of when the observations
are 1independent identically distributed random vari-

ablés.

P i
Proof. Qov(Zé ), Y, )

m

= Cov(ZJ _1 XKJ Zj'=l ij')
o m
= 827 j=1 Ty Zgra1 K1 - é’{EEJ %] B KJ,]}
_ i 2 i m
= 8[zj=l[xkj] + 25 zj,_l XKJXKJ,]
J#£J"
1 - €1 m
8[zJ=l ij]g[za,_l Xegr t 554 Xy ]
. | N2 i m '
=33 a(xkj)- + 250 25 8(XKJ)£(XKJ,)
J#AJ
i i m
ZJ':]_ g(ij) ° (231_1 g(ijl) + Zj'—i+l ‘g(XKjl))
2 2
= Ty [8(Xyy)™ - 8% )17 =+
330 P5 g 18X )8(X ) = E(X, )E(Xy50)
J# 3 '
i ' -
= 23=1 Var(Xy ) + 0.=1 o

which completes the proof. |

T
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The variance of the estimatéd'total depends on the

approximate variénce of ﬁ(l), given by

rar (8 = BT rvar (2 ]) -2 cov(z 3], )

+ [R(i)]QVar(Yn+1)}

Using the theoretical values of Var(Zé+%), Var(Yn+l), and
Cov(Zé+%, Yn+1) as prev1ously found, ' ' '
O2
var[R(1)q = e ri-2r@s 4 () g2
‘ ' n[é(Y, 1)1
THEOREM 4. The approximate variance of Y( ) Y 4 is

EEZ%ng {i 05 + [g(Yﬁ%ljjg Var ﬁ(i)]

+ m 02 - ~— io
€ RZlS €

Proof. Since

(i) _ _
Var(Yn+1 Y1) =

(1) _ (1) :
Var(Yrl+1 2 COV(YD+1’ Yn+1) + Var(Yn+l),

it is necessary to estimate

Cov(Y(

)
n+1° 4

n+l)°




-
7(1)

(1) : _ n+1
Cov ( n+1°? Yn+1) = Cov’ (/\Zli n—l—l)

1 . 2

L (1) -
m COV(Zn_l_l, Yl’l+l) —.-Rji—)_ 1 O’€ °

Also,
L)
Var(Yé+%)'— Var(g%i%)
ffﬁf%T]g Fvar(z£i%) g'z_é(Y l) COV(Z(+%, 2(1)y
+ [8(Y )15 - var_[ﬁ_(i)]]°
Note, -
cov(z{t), a(1)y = o
since 81) does not depend upon zéi%;
Therefore,
’ Var(Y£+%)

—7—)-—5 Ti cre + [(g(Yn_l_l) Var ﬁ(l)].
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Thus, the approximate variance of Y(l)' Y . is R

+l ALl

V() = Gy) (102« té’(Y pi) 12 var B

) . 2
+m0€——R-(jT)-lO'€
which completes the proof. |

n+1L
Var(Y +1) can be obtained from the data. Let @%i) be the

. . ()Y e (1)
Unbiased est}mates of Var(zé+i), Cov(Z( ), Yn+l)’ and

resultlng estimate of Var(Y( ) -y

i+l n 1) obtained by sub-

stituting R( 1) fof 3( 1) ana ¥ for 8( +l)
The estimation interval of level a is éiven by,"
Tt £ Zap2 Vi)

“where Za/g is. the standard normal deviate such that

L Pr(Z> Zd/é) .j- a/2.

- Note that near the end of the perlod, say at the end of

the (m-l) -5t subperlod,

1T W s
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o
& €

V?m_l)'= [ETE:TTJQ {m-1 + %[(m—l) - 2(m—1)ﬁ(m‘l)

2(m~1)o°

ey 2wt - S
' R

Since ﬁ(m_l)‘will be very close to one, use of ﬁ(m"l) =1
gives
~nD 2 1 2 2
V(m-l) = o_(m-1 + =[(m-1) ~ (2@-2) +m]} + mo_ - (2m—2)o€
2- 1 2.
= Oe + Ege’
while for flm-1) _ .9,
2 , ) : -
5 = i (m-1 + l[m—l—(2m—2)( 9) + m( 81)])
+ mo© - 2m-e og
(.9)
2 .2
g o
= £ [.0lm + .8] + —=~— [.0lm + .87.

(.81) n
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In each case, Vﬁ_l is approximately os provided m is

not extremely large and n small.
For example, assuming n=5, m=12, and OSFl,‘the approxi-

mate variances when ﬁ(l) = 1/12 are as tabled below.

ool sl ul sl elofelofaofn e
%%l I158§72543 2!28 8|20.2 1u.2]8. 717.2fs.1]z. 8851 3]0

Thus, the variance of the estimate ‘decreases as the number
of subperiods for which data is avallable increases.

Consequently, the associated estimation intervals will be-
comé narrower as the'estimates are updated throughoﬁt thev

period.
Advantages of this method areﬁ

1) changes in the assumed trend have less
effect since information about the

trend is contained in Z(+% s

2) calculations to obtain estimates are

easy to perform,

3) correlations between the periodic -
totals and subperiodic totals are-

used to decrease the variance of the
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estimator, and

~4) the ratio is between zero and one.

A disadvantage of this method is that there are too
few degfées'of freedom for the estimated variance of the
estimator since the individual components Var(Z(l))
nil? Y 1) are. 1nd1v1dually estlmatedo

Fach of these estimates has (n-l) degrees of freedom where

UIVa,I'(Yrl+ ),'and Cov(Z(

n is the number of perlods used to form the estlmated ratio.

Thus, the degrees of freedom for the variance of the estl—
-mator will be -small when-u51ng only the data from a few
periods. |

Note that data for othef subperiodic totals is not
used'even:though thie data else provides esti@ates of GS"
Therefore, a method which utilizes data from all of the
subtotals. would pzoﬁide more degrees of freedem for the

variance of the estimator.

L i ot 1 i s S
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Method 2 - Prediction Using All Subperiod Estimates Based

On Fractions Of The Total

In order to increase the degreeé of fréedém for the
estimate of the variénce, above that 6btained in Method 1,
data for other subperiodic totals can be utilized. That is,
all the~subperiodic totals may be combined info one regres-
sion analysis. This will require that certain transforma~
tions of the data be performed, since the subperiodic totals
are not independent within a given period.

The fraction of the total observed at the end of ‘sub-
period 1 will be regressed versus an equation of degree p
in i, the index for subperiods, in order to estimate the
expected fraction of the total bbserVed by the end of sub-.
period i for the current period,

The model is

. 7(1)
Ugl) = _%E_. =By +By1 + 5212 cou apip 043

where i denotes the subperiod (i=l,...,m), and nji is an

error term.
After estimates of Bof BisPBos vees apd.ap are ob-
tained, the estimate of Ugl) is
A(j_)=/\ N . A2 ' N
U3 By + B (1) +Bpl” + coo + Bt




60

where ﬁ§?> is the estimated fraction of the cumulative.
total observed by the end of sﬁbperiod i.

Since Ugi) is eduivalent to the ratio estimate given
for Method 1, when n=1, its approximate variance is Of ‘the

same form; that is,

var(u{™)) L var(z{M) + 18 (ulM) Prar(x))

[6(¥;)] :
- 28[U§.l)]Cov(Z§.l), YJ.')]

2
o .
€ . i)y .2 () 15
= —— [i + [&§ U( ) m - 28[U} i
BT 3+ 1 (ht.J )] (U™’
It is necessary to assume that the Ugi)'s are independent

in order to utilize standard regression programs. Conse-

quently, the variance-covariance structure of the Ugl)'s

must now be examined. Since the approximate variance is

a function of 5[U§l)], the results will be dependent upon
g[Ugl)]n Let GSV be the variance-covariance matrix of the
Ugl)'s for one period.

THEOREM 5. For i < it,

Apld) | pldh)
. Cov(Uﬁ > U3 ) | |
2 € 4. (1) 940 - (1') 95 - (1)p(ah)
= [g(y,)]g [1. g[Uj 11 8[Uj 11 + 8[Uj Uj ]m]
4% ‘ |

o
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Proof., Applying the  same techniques and assﬁmptions_ 
as used in deriving the expected value of the biaé in -
Method 1, |

Cov(Ugi), U§i'))

= “““*"35 [COV[2§1)Z§11)] —'8[U§i)]00v(y z<l ?)'

- 8[U§i')]Cov(Z§i)Y$) +.$[U§i)U§i')Jvar([Yj]2)]
2

- EE?”'Y?Q (1 - 8[U( FRR c‘J[U(l 11+ 8[U(l) S Vg,

Which completes the proof. I

Note the covariance is zero if the periods are .
. . s .
different, and also if i' = m = i, then Ugl) = Ugl ) =1,
so. again, the expression above becomes ‘zero. = Since the

TrT— {m T T
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. . .
above expression depends upon U§l) and U(l ) as well as

1 and i', the covariance cannot be determined until
. (1) gng u{t") -
estimates of Uj and Uj are calculated.
If the covariances are too large to be ignored, then
the U's must be transformed into. independent "observations"

in order to use standard regression programs. In this case,

a non-singular matrix M can be found such that

(1)
Jd
R - ) = M- U,
ylm-1)
o J e

has a variance-covariance matrix of

) 2 '
o7 MYM' =0~ . .
€ - € . X -1

Using this transformation, the model for thé j-th period

becomes

MUJ=MCB+MNJ

where




Thus, the overall model becomes

o

B

T

= o

o

g1 ]

-

L3
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THEOREM 6. The estimate B for B obtained from the
transformed model is the estimate desired in the originai
model.

Proof. The,esti‘mate of from the transformed model is

B=0'0) A o
= C* M) IC MR U .

Let

V* = . °




Since
MYM' =TI ,

‘M—‘l R ‘MIMJ":L = M_l Mx-—l

-, and
v = (),

thus
MM = V-1,

This implies that,

MYV M

. _ MV R -
v - : | = Ty

Therefore,

MMV M s ot = ()l

which implies V* = (Mxag*) "t
or B DX D% = v*:j_ .
Thus, ‘

—(C*'y*-1Cx)-lox yr-lyx

which is the standard estimate as glven in. Graybill tq 1

when the data is correlated. |




66

o~
After B, the estimate of B, is found, one calculates -
the estimated fraction of the total observed for period

ntl at the end of the i-th subperiod by

810 - 1112, P8 8.

As in Method 1, the estimated total is given by

g (i)

(1) _ !
n+1l ﬁ{ii
n+l

The estimated approximate variance of U( i is
52 . (cylc* v*"lc*)‘lco)

‘where 82 is the residual mean square error for the trans-

formed model.

(1)

The approx1mate variance of (Yh+l - Yp+1) (using the .

same procedure as used for Method 1) is

A 2
Var(Y£+i - Yn+1) = V(i)

(8[u i+i])2 {i d + [&(Y +l)1 Var .Uéil} + mog - GTIT_ i-GE
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Note that if it is not necessary to transform the
data, then y?_l « I, and the estimated approximate variance
£(1)' ' '
°F Dol

is the usual estimate for uncorrelated data.
[ \- .';‘
Based upon %i’ the estimation interval of level q.

¢

is

(1)
Yn+l *

Z ...
o/2 i
The advantage of this methéd over Method 1 is the.
inéreased degrees of ffeedom in the residual mean square
érror; |
The disadvantages ére:
1) if the déta is strongly'cprreléfed;
that ié if_the Ugi)'s afe'stfongly
.correlated, then it ié neéessary to
transform the data‘using an M matrix,
2) calculations are much more difficult
than for previous methods, especially
in finding the estimated variance of
the estimate,
3)' the inverse of V#* must be found;
note this is equivalent to finding-f

the inverse of V. and could be




4)

‘analysis does not estimate OSoI An_éstimate'

68

difficult for a large number of subperiods
per period, and .
an estimate of US must be found; note that

the residual mean square from the regression

dan be found using Methods 2.2 or 2-3.

Py —— TTTT v T
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Method 3 - Prediction Using Moviné Toﬁals of:Conéééutive“
( Subperiod Estimates‘Based'on Ffactions of The“
Tétal ‘ B
A disadvantage of the eétimates_formed in Methods 1
and 2 is that the varianées are large for small values of i
(the first sub-periods of the period of interest) and thus
the estimates aré not very reliable., That is, the esti-
mates aré affected a great deal.by observations in earl& -
'subperiods that deviéte significéntly from their expéctedj,
values. One method of removing a lot of the vériability -
is to use ﬁhe sum of the observations fér the last m sub-
periods, wgi), at the end of cach subperiod i. Then the

value of the ratio

will be close to one for every.i. Thus, the model is

(1) - . .2 .p ‘
UJ- '—BO +Bll +621 + e 00 +Bpl +njj_

where i denotes the subperiod (i=12°,°,m) and,ﬁji is'an
error term.
Since the U§l?'é are not independent, the, theoretical

. . . (1 o .
variance-covariance matrix of the U§ )'s must again be

found so an appropriaté'transformation can be performedﬁ

'Yy T | g




70

Using the same techniques'és used in Meﬁhod 2,

Var( —zgij [Var W( )+ [g(U(l)) Vér(Yj)

-ggwyﬁ]me%l% 7)1

2

[g(—Y—)F [m + [g(U( )] m - Qg[U(l)]l]

It is also necessary to determine covariances between Uj's

within the same period.

THEOREM 7. Cov(Ugi) (K))_ E§Z§_;g .ol .

umman-gwﬁhka&%?ﬁ+8wﬁhyﬁmo
Proof. Using the same techniques as used in Method 2,
Cov(Ugi), ng))

. Eg?i—;ig cort (#{2) - &u{M)yx)) (u) & (u{))y,))
J

=[8(; 7 [Cov[W( )w(k)] 8(U§i))Cov(YjW§K))

- 8({®ycov(u{ty;) 8(U§iI)U§K))Véxr(E¥j 1)1
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= = m-(k-1)} - ‘(i) - (K)'i
E;z;;;?z [{m=~(k-1)]} 5(15.»)K 8(15 )

+ g"<U§i)U§K>)m};
Note that _
| ) i)y = (e (k-1))0
because ng) and W' %) have {m-(k-1)) observétions in
common. The other covariance terms are as derived in
Theorem 5; which completes the proof. i |
Unfortunately, the Uj's are not ﬁncbrrelated for

different periods; that is, the Uj‘s can be correlated

between adjacent periods.
THEOREM 8. For j = j' + 1 and i < k<« 2i,

Cov(ﬁgij,-U($)) &

- d
[{m- (1)) - §(0 (1)><m-k>-<%’< (N m-1) 7.
é'(YJ Y..)
i k °
Proof. Cov(U§ ), Ug')) 2
R S '(1) _g(uld) < ) &)y,
3<Yj Yj'> Cov [ (W (U )¥4) ( &(Usi’) j )]

"by the same techniques as used in Method 2.




72

1

1 ovw By g ul Loy (wlE
E(Y; Yy1) Ccov(wi I8 (uftheov (i Py )

- g(U§}§))COV(W§i>¥jx)+ g(Ugi)UglF))COV(Yj: YJI)}

2
O

8(1‘ Y1)

[{w-(k=-1)}-&(U (l)Xm-k)Ag(U§$))(m-i)+ O};

which completes the proof. #
All other coVariances are‘zeré since

(1)

k
3 ’Wg")

s Yj’ and Yj'

would not have any observations in common for the remaining
terms in the variance-covariance matrix.

After the variance-covariance matrix oi Y * for the
U(i)'s has been derived, a non-singular matrix P* can be

found such that
qp* P*l I (m l)

in order to obtain independent "observations" for the

regression analysis.
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Using the notaﬁ?op of Method 2,
B = PHU* = PXC*B1 zé%?‘m*: DB+ ‘:SE' |
where N* is the matrix of error térms.. Thus ,
'=(D’D)'1 D' A
by Theorem 6. Then the estimatéd ratio is
gl - 1.8 -¢8

and the estimated total is

e old)
(1) 2 Wl
nel T F(E)
n+1l

The estimated approximate variance of Uéi%uis.
\ eg - -1
s? . plex vt ex) Tt ey)

where S° is the residual mean square error. Thus, the

¢(1)

estimated approximate variance of (Yn+l - Yn+l) is

. a2 .
2 [¥] > ' “1 gy -1
9. = . ST . (CHE* WX T C¥) T Cp) H .
. i ~(1) 2 - o™ . . 0
. () ) (Un+'l) | | ST - .
mo Y 21 A2

= + m o - - g
~(1) .2 € ~(d €.
[Upti] U‘n:+§ .

and the'estimation intervals of level o are .

L il b




Advantages of this method are:

1)

2)

the number of degrees of freedom iﬁ the
residual mean sQuére error is the same
as for Method 2, and

the estimates are not affected.as
greatly by'observatiéns that de-

viate significantly-ffom fhéir'exf
pected values as 1n Method 2,
especially during the Ffirst few sub-

periods.

The disadvantages are:

1)

the data must be transformed whenever
the correlations between V§l)'s are

large,

" calculations are much more difficult

than for previous methods,
the inverse of Y¥ must be found
which will be more difficult than

for Method 2,

{ Pl o e M Sy il i A 1 i ()




5)

5)'
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‘the estimates will not be affected

as much by observations significaﬁtly

above their "expected values" when

the increase is due to a change in’

the system instead of random error,
i.e;, it is iess sensitive to actual
changes ip trend, and . |

an estimaté‘of OS must be found; note
that the residual mean square from

the regression analysis does not esti-
mate 05. An estimate can bé found

using_Methods 2-2 of 2-3. .

T
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COMPARISON OF ESTIMATORS

As in Chapter II, the estimators Will be coméared by
comparing their variances. Since all the,vafiances in thié
group are gpproximaté and depend'upon'the estimaﬂe_of the
appropriate ratio, the comparisons may not always indicate

the "best" method for a particular. set of data.

In order to compare Method 1 to Method 2, note that

for Method 1,

2

V(i)'= EEZ%jEE- {1 OS + [é'(Ym_-l)]2 Var ﬁ(i)}

+ mo_ -~ - io
€ Rili e ?

while for Method 2,

1 .2 - i
V%i) BT ORE {1og + [6(Yy,)]" Var ol +
n+1 :
' e 2 L2
+ m.o€ 8[Unil] 1 OG .

These formulas for the variance of the estimated
totals are quite similar; since Method 2 provides many more
'degrees of freedom for the variance estimate, much greater

precision will be attained by the use of Method 2. This
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greater precision is attained at the sacrifice of the
additional computations requifed in performing the necessary
‘traneformaﬁiohs to attain independence. |

in comparing Mefhods 2 and 3, it is'peesible to coh—.
stfuct exampleS'where each method giVes a emaller variance
However, if the covariances are. p031t1ve, then 1t appears
-that Method 3 gives the smaller variance. |

"For Method 2, note that for Subperlods at the beglnnlng
of the period, the estimate Un+l'wi11 be small; thus,
dividing by the square of ﬁgii'will make the variances of
the estimated total large.

However, for - Method 3, the estimate U(+% will be only
slightly 1ess than one, thus the variance of the estlmated -

total will be 1ess than the variance from Method 2 prov1ded

n+1

the'estimates*of Var( (l)) do not differ greatly.ﬁor Methods L

2 and 3.

Thus,‘Method 3‘will usually'provide smallef'vafiances
than Method 2 for subperiods at ﬁhe begipnihg of the period.,
The .choice between these two methodslat the . end of
subperiods from the middle to the end of the period would
depend more upon knowledge of the situation than oh the-
variances. If there is no reason to suspecb'a drastic

change in the trend, Method 3 will geherally provide a
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better estimate since the estiméte'is not influénced as
drasﬁically by observations with a large random error.

But, if the trénd has had a radical jump at the beginning

of the period,. then Method 2 would be better since data

from the previous period would be misleading.




CHAPTER IV

MONTE-CARLO STUDY .

Each of the methods of estimation for cumulative
totals described in Chapters II and III which require the ]
use of regression programs are compared by Monte-Carlo
techniques. |

For each data set, monthly observatlons were generated
for five prev1ous years using the past model.: In addltlon,
one hundred repetitiens were generated for the twelve
months of.the current year; this data ras generated ander
the future model (possibly a different model than used for
the past data). In each case, the model(s) used for the
past and future data are presented as well as all necessary
parameters for the distribution of the random Lerrors,’

The methods of estimation are denoted by chapter and‘
number. For example, 2-1 is the flrst method of Chapter I1I.

For Method 2 2, “the same 1ntercept was uged for
each subperlod and in Methods 3-2 and 3-3, the estlmate
of the yearly total as given by Method 2-1 was used in
calculatlng the variance of the estlmator. |

The percentage of 95% estimation 1ntervals (EI)-as
formed at the end of the i-th subperiod containing the

actual cumulative total for the current year is presented

T o



. 8o . . .
as well as the variance of the estimator. In addition,
the percentage of the estimated totals falling within
three percent of the actual total (PI) is given. In each

table, thé following format is used for each method:

ET PI

VARIANCE .

At the top of each table all necessary information
about the model(s) for the past-andifuture date are given
" along with the distribution of the error terms. The fol-

“lowing notation will be used:

€ ~ N(O,lOOj for a normai distribution'with.
zero mean and a varlance of
100, and

e ~ U(20) for a uniform distribution with
a mean of zero and a half-Width

of 20.
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TABLE 1
Past Model: Y = 100 + 2T + ¢ for T = 1,...,60
Future Model: Y = 100 + 2T + ¢ for T = 61,...,72
Error Terms: € v N(0,100)
Method  Method  Method  Method  Method  Method
i 2-1 2-2 2-3 2-4 3-2 3~3
0 92 92 94 92 92 92 '
1803 1822 1905
1 92.92 92 92 99 69 97 49 99 65
1670 1684 5830 24649 3982
2 94 96 94 96 100 65 96 69 99 79 .
1518 1474 9831 8270 3315
3 92 94 92 97 100 91 91 78 100 99
1366 1276 3455 4446 2726
4 96 100 97 100 72 8 87 82 100 100
1215 1089 1315 2809 2210
5 90 97 92 99 93 8 84 83 99 99
1063 913 3275 1918 1766
6 92 99 97 100 91 90 8 92 95 99
911 748 2354 1355 1390
7 86 99 96 100 77 97 90 98 89 97
759 595 1108 970 1081
8 92 100 91100 99 100 92 100 92 100
607 454 748 690 837
9 94100 90 100 98 100 91 100 90 100
455 323 584 478 . 656
10 88 100 86 100 82 100 96 100 39 99.
304 204 215 311 535
11 96 100 93 100 80 100 95 100 21 100
152 96 97 177

474

T .0\
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TABLE 2
Past Model: Y = 100 + 2T + ¢ for T = 1,...,60
Future Model: Y = 220 + 3(T-60) + ¢ for T = 61,...,72
Error Terms: e ~ N(0,100) . ‘
Method Method Method Method . Method
i 2-1 2~2 2-3 3-2 3-3
0 73 91 91 91 97 91
1053 2375 2803
1 S92 92 95 92 97 56 00. 00
2177 2481 23479 6864
2 91 91 93 91 88 46 00 00
1979 2172 8055 5351
3 76 84 88 88 74 46 00" 00
1781 1879 4372 . 4105
4 73 84 83 89 61 44 01 00
1583 1604 2777 3091
5 60 80 71 89 45 45 23 12
. 1385 1345 1898 " 2286
6 56 88 70 93 47 65 74 79
1187 1102 1342 1663
7 48 84 57 93 48 87 93 100
990 © 877 961 1202
8 74 100 70 100 55 95 98 100
792 668 683 884
9 88 100 80 100 77 100 100 100 -
594 476 472 - 693
10 100 100 91. 100 88 100 100 100
396. . 301 . 306 . 615
11 100 100 97 100 99 100 75 100

198

142

172

636

Lt i | AR
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TABLE 3
Past Model: Y = 100+ 2T + ¢ for T = 1,...,60
Future Model: Y = 220 + 4(T-60) + ¢ for T = 61,...,72
Error Terms: e ~ N(0,100)
Method Method Method Method Method
i 2-1 2-2 2-3 3-2 3-3
0 27 04 01 03 07 04 '
4301 ¢ 1732 2303
1 03 05 03 02 95 48 06 01
1588 2036 22892 2831
2 01 02 02 02 61 21 04 01
1444 1782 7982 2482
3 00 02 01 02 34 13 02 02
1299 1542 4356 . 2156
4 00 00 00 02 17 09 02, 02
1155 1316 2776 1852
5 00 05 00 07 17 20 03 07
1011 1103 1900 1570
6 00 16 00 16 15 33 04 14
866 905 1345 1308 -
7 09 58 04 36 23 57 14 54
722 720 963 1065 .
8 07 64 03 59 33 81 10 66
577 548 684 839
9 07. 84 07 86 55 99 . 14 85
: 433 - 391 C 472 1632
10 24 100 24 100 82 100 36 100
‘ 289 247 305 441
11 71 100 61 100" 93 100 100 100
144 ' 117 170 266

T
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-

TABLE 4
Past Model: Y = 100 + 2T + ¢ for T'= 1,...,60
Future Model: Y = 120 + 2T + ¢ for T = 61,...,72
Error Terms: ¢ ~ N(0,100) ' :
Method Method Method Method " Method
i 2-1 2-2 2-3 3-2 3-3
0 00 00 00 00 00 00 '
538 2592 3010
1 . 00" 00 00 00 97 47 02
2376 2661 27466 4009
2 00 00 00 00 99 71 03 00
2160 2329 8800 3342
3 00 00 00 00 88 76 01 00
1944 2016 4633 2752
4 00 00 00 01 82 76 05 01
1728 1720 2900 2235
5 00 02 00 02 - 7275 08 13
1512 1442 1966 1791
6 0L 07 0l 06 74 88 .06 17
1296 1183 1388 © 1413
7 03 15 03 21 67 .96 04
1080 941 995 - 1100
8 09" 53 09 63 75 100 20" 82
: 864 717 : 712 848
9 29 97 21 98, 87 100 84 100
648 : 511 500 655 '
10 45 100 28 100 98 100 100 100
432 323 333 - 518
11 61 100 46 100 - 100 100 100 100
' 216 152 200 434

T
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TABLE 5
Past Model: Y =100 + 3T + ¢ ) " for T =1,...,60
Future Model: Y = 280 + 2(T-60) + ¢ - for T = 6l,...,72
Error Terms: & "~ N(0,100)
Method Method ' Method Method " Method
i 2-1 2-2 2-3 3-2 . 3-3
0 40 22 07 18 - 14 22
3640 . 1977 2374
1 07 20 1 22 71 07 00- 00
1812 2098 41702 22070
2 - 06 16 08 22 - 93 51 00 00
. : 1647 1837 . 11225 15369
3 06 26 06 26 98 89 00 .00
1483 1589 5491 10341
4 15 58 09 45 99 99 00 00
1318 1356 3345 6665
5 14 74 08 59 98 99 .00 00
: 1153 1137 2194 4082 °
6 , 25 94 13 82 99 100 00 00 .
' 988 932 71535 . 2388
7 47 97 20 93 96,100 . 00 00 -
824 . 742 1103 1420
8 .46 99 23- 98 99 100 -~ 00 00
: 659 565 799 1043
9 132 100 22 100 99 100 00 00
494 403 575 11149
10 52 100 37 100 100 1000 00 00
329 254 403 1652
1 94 100 86 100 98 100 100 100

- 165 120 ' 267 2477
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TABLE 6
Past Model: Y = 100 + 3T + ¢ - for T=1,...,60
Future Model: Y = 280 + 1(T-60) + ¢ for T = 61,...,72.
Error Terms: e ~ N(0,100) ’
Methdd Method Method - Method Method
1 2-1 2-2 2-3 " 3-2 3-3
0 14 16 10° 17 ‘11 16 S
2531 2142 2193 _
1 05 17 05 18 70 04 00 00
1963 1939 - 38064 5463
2 08 27 07 26 .80 45 00 00
1785 1697 10681 4382
3 06 28 04 27 88 70 00 00
1606 1469 5311 3468
4 - 01 16 01 21 89 85 00 00
1428 1253 3225 2705 -
5 04 32 01 32 93 94 00 .00
1249, 1051 2152 2079
6 05. 41 01 36 90°100 . 00 00
1071 862 1509 11578
7 04 64 01 . 62 91 100 00 00"
: 892 685 1084 1191
8 17 93 05 92 93 100 00 00
714 522 784 - 907
9 42" 100 24 100 94 100 00 00
535 372 562 718
10 23 100 15 100 84 100 00 00
357 235 390 616
11 52100, 35 100 81 100 00 98
178 - 111 255
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TABLE 7
Past Model: Y = 100 + 2T + 0Li+ e for T=1,...,60
i 1 2 3 & 5 6 7 8 9 1011 12
o -5 -5 6 5 10 20 30 30 20 10 5 0.
Future Model: Y = 100 + 2T + a, + ¢ - for T = 61,...,72
Error Terms: g v N(0,100)
Method - Method Method . ~ Method - Method
i 2-1 2-2 2-3  3-2 3-3_
0 39 96 97 96 97 .96 ‘ '
123 2400 2107
1 97 93 99 99 93 17 00 00
. 2200 " 1862 46122 3726
2 - 84 84 96 98 91 .52 © 00 00
2000 1630 11554 3133
3 75 81 95 98 50 20 00 00
' 1800 1411 5538 2610
4 69 8L 99 99 21 08 00 00
. 1600 1204 3305 2152
5 67 87 96 100 13 13 . 05 08
1400 1009 2180 1753
6 60- 84 93 100 21 31 . .06 19
1200 828 1519 1407
7 79 98 92 100 63 82 28 62
: 1000 658 . 1088 1111
8 99 100 95 100 89 100 66 99
800 502 786 860
9 . - 100 100 93 100 97 100 90 100
600 357 . 563 . 651
10 ' 98 100 93 100 98 100 99 100
T 400 226 393 . 479
. / .
11 96 100 94 100 99 100 94 100

200 107 259 343
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TABLE 8
Past Model: Y = 100 + 2T + ¢ for T = 1,...,60
Future Model: Y = 100 + 2T + ¢ for T = 61,...,72
Error Terms: € % U(20) :
Me thod Method Method = Method Method
i 2-1 2-2 2-3 3-2 3-3
0 100 81 95 82 96 81 -
15837 2688 3490
1 98 95 99 .89 79 18 86 00
2464 3085 35566 14104 -
2 100 99 100 97 88 59 70 00
2240 2701 11306 10663
3 99 98 98 97 95 78 88 06
2016 2337 5983 7839
4 100 100 99 99 . 94 80 82 19
1792 1995 3755 5576
5 96 97 97 98 89 78 93 59
L1568 - 1673 2547 3818
6 94 100 100 1060 86 87 98 90
1344 1371 1794 $2522
7 .88 98 94, 99° 86 95 100 100
1120 1091 1282 - 1643
8 89 98 95 100 88 94 '~ 997100
896 831 - 910 7144
9 96 100 96 100 88 100 99 100
672 592 629 990
10 79 100 85 100 90 100 86 99
448 374 409 1149
11 72 100 87 100 99 100 82 99
224 232 1591

177
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~ TABLE 9
Past Model: ‘ Y = 100 + 2T + ¢ ‘ for T = l,...,60
Future Model: Y = 100 + 2T + ¢ . for T = 61,... 572
Error Terms: € ~ U(30)
Method Method Method Method Method
1 2-1 2-2 2-3 3-2 3-3
0 99 68 93 66 96 68
15176 6627 8011
1 94 60 96 60 - 87 21 51 00
: 6074 7081 72039 96982
2 98 73 98 . 69 92 41 75 00
5522 6199 242171 66698
3 99 81 99 76 99 58. 76 00
4970 5365 13110 . 44087
4 99 79 99 77.. 96 61 75 00
4418 4578 8323 27622
5 98 80 99 85 93 74 89 02
3866 3839 5678 16106
6 96 82 96 84 93 75 96 34
3313 3147 4007 8584
7 100 ‘92 95 88 95 89 100 96
2761 2504 2857 4293
8 100 100 99 97 98 96 80 67
2209 1907 2018 2626
9 99 100 97 99 97 100 16 02
1657 1359 1379 3090
10 97 100 94 100 94 100,  ~03. 00
1104 858 - 877 5287 -
11 877100 89 100 90 100 00 00
552 405 - 471 8891 .
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TABLE 10
Past Model: Y =100 + 2T + ¢ for T = 1,...,60
Future Model: Y = 100 + 2T + ¢ for T = 61,...,72
Error Terms: e ~ U(40)
Method Method Method Method Method
i 2-1 - 2-2 2-3 ¢ 3-2 3-3
0. 98 68 98 65 100 68
13731 12547 15738
1 97 65 100 67 100 09 85 06
11593 13911 137085 22005
2 98 72 98 71 99 46 92 14
10540 12178 44838 18184
3 100 76 100 75 95 42 91 27
9486 10539 23917 14882
4 100 75 100 75 95 50. 96 41.
8432 8993 15068 12054
5 100 73 100 83 91 62 100 76
7378 7541 10248 9657
6 100 87 100 88 93 69 100 - 73 .
6324 6183 - 7232 7658
7 99 89 100 91 95 72 100 84
5270 4918 5172 6023
8 100 95 100 92 93 79 100 86
4216 3747 3681 4722
9 97 88 99 96 93 85 100 94
- 3162 2670 2549 3730
10 91 86 99 100 98 98 100 98
2108 " 1686 1664 3017
11 100 100 100 100 100 100 100 100
951 2564

1054

796
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TABLE 11
Past Model: Y = 100 + 2T + ¢ for T = 1,...,12 .
and for periods i=1,...,5
Future Model: Y = 100 + 2T + ¢ for T=1,...,12
Error Terms: e v N(0,100)
Method - Method Method Method Method
i 2-1 2-2 2-3 3-2 3-3
0 34 24 85 34 75 24
. 701 - 2362 2339
1 92 37 74 28 . 98 27 92 35
2165 2064 - 19558 2392
2 92 44 67 27 86 20 - 92 39
1969 1803 . 7271 - 2148
3 ‘ 98 . 66 79 39 71 18 96 49
1772 1557 . 4074 . 1910
4 . 98 84 86 50 60 19 100 71
1575 1325 2630 1678
5 98 82 85 55 55 26 99 79
1378 1108 1811 11452
6 - 97 78 9% 68 58 32 98 87
1181 906 1284 - 1231
7 © 96 77 93 84 © 61 34 98 . 95
‘ 984 . 719 917 1017
8 - . .97 90 92 87 64 52 '99. 96 .
787 546°. ¢ - 647 - 809
9 9% - 94 9% 96 73 73 97 96
591 - 387 440 606 -
10 99 100 88 98 _ 85 94 100 99
394 244 - 276 . 409
11 98 100 90 100 95 100 98 100

197 114 144 . 218




" Past Model:

Future Model:

Y
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TABLE 12

= 100 + (.75+.251)T + =

Y = 100 + 2.5T + ¢

for T = 1,...,12

for periods i=l1,...

Error Terms: g v N(0,100)
Method Method Method Method Method
i 2-1 2-2 2-3 3-2 3-3
0 41 17 52 21 48 18
1186 1562 1447
1 48 14 42 12 91 18 99 10
1432 1328 17490 7436
2 43 17 43 17 75 16 99 17
1302 1209 6887 5985 .
3 34 11 34 14 62 11 99 14
1171 1090 3938 L4700
4 35 11 36 12 42 08 89 10
1041 972 - 2566 3587
5 28 14 40 20 37 12 88 19
911 850 1776 2645
6 28 14 45 28 40 12 . 78 18
781 727 1262 1877
7 18 13 33 23 42 20 60 16
651 605 902 1287
8 34 24 40 36 49 31 43 12
521 484 635 876
9 40 48 4759, 52 55 . 43 26
-390 362 430 645
10 44 73 54.86 .. 70 90 25 16
260 241 267 598
11 ‘54 100 64 100 85 100 85 46
130 121 134 737
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TABLE 13
Past Model: Y = 100 + (.75+.251)T + ¢ for T = 1,...,12
' - . for periods i=1,...
Future Model: Y = 100 + 1.5T + ¢ ‘ £
Error Terms: e v N(0,100)
Method Method Method Method Method
_i 2-1 2-2 2-3 3-2 3-3
0. 72 01 38 01 47° 01
5336 2868 3408
1 49 04 50 03 97. 30 . 39 00
2629 . 2997 18387 4084
2 55 05 56 05 91 28 29° 01
2390 2608 7048 3427
3 67 10 72 12 85 30 51 03
2151 2243 3990 2839. -
4 61 09 76 15 81 35 53 04
1912 1901° 2589 2316
5 55 11 71 19 74" 38 58
1673 . 1582 1788 1858
6 47 08 78 23 77 45 44 07
1434 1287 1269 1462
7" 42 07 84 42 78" 58 26 04
1195 1014 907 ' - 1126
8 50 13 89 61 83 68 38 10
956 765 - - 640 846
9 66 32 96 90 84 84 43 18
717 539 435 624
10 70 58 98 99 87 94 77 71
478 336 272 455
11 94 99 97 100 96 100 100 100
239 156 337

T
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Since Methods 3-2 and 3-3 have not‘been studied in
detail before and involve approximations, the estimation
interval percentages were compared to the theoretical
valueg for Method 3-2 by Monte-carlo techniques. Since
Method 3-3 invol&es basically the same theory and because
it did not perform nearly as well, a comparison was not
made for Method 3-3. Since Method 3~2 should perform the
best when each period is a repetition of the previous

period, i.e.,

X.. = u+BiL + €. Tfori= l,2,..e;m
Jl Jl j = lyZ,uol’n

the comparison involving generating five périods of past
data and a period of current data, or a total of six perilods
of data under the above model for each of the 25 repefitions.
Three regression models were used to attempt to fit the
fractions; linear, quadratic and cubic.

Standard deviations of 10 and 30 were used. In ad-
dition, a combination model is listed for o = 10 where the
cubic model was used for the first five subperiods and the
quadratic for the femaining subperiods. In_each case, the‘
proportion of the estimation intervals containing the actualv

total are presented.




95

TABLE 14

Percent of intervals which contained the actual total for -
25 repetitions of generated data applying Method 3-2 based

on Table 11.

Linear Quad Cubic Combination Linear Quad

i 6=10 o=10 0=10 o=10 o=10 =30
1 92 92 100 100 92 96
2 88 80 100 100 80 84
3 76 76 90 90 80 8l
y 68 % 9 90 88 9
5 76 76 80 90 84 92
6 80 88 80 88 88 92
7 80 84 80 84 92 92
8 84 96 70 96 96 96"
9 8l 92 70 92 88 92
10 92 96_ 50 96 96 96
11 100 88 4o 88 92 92

™




CHAPTER V

CONCLUSIONS

In this chapter, the various methods will be compared
based upon the Monte~Carlo results. In Table 1, Method 2-3
performed the best, based upon the percentages of the esti-
mates within three percent of the actual value. Method 2-2
did almost as well but the variances of the estimator were
slightly larger. _

However, Method 3-2 did quite well, especially after
the end of the third subperiod. Method 3-3 had the same
percentage of the estimates within three percent of the
actual total, but the variances of the estimates were large.
Due to the size of the variances in Method 2—4; this me thod
was not considered for any other situations. Table 1, of
course, represents the best possible situation; a normal
distribution for the errors and no change in the trend.

In Table 2, the trend has changed in that the slope
changes from 2 to 3. (Note all changes in the trend occur
at the beginning of the current year). Here, Method 3-3
really does poorly as compared to the other methods. Whep
the slope of»the trend changes from 2 to 4 as.in Table 35
Method 3-2 does better than the other methods when using

any of the criteria in the table, except the variances.
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When the trend changes by a jump, but no change in
slope as in Table 4, again Method 3-2 performed better
than any of the others, which is not surprising\sihce it
was designed for Jjust this situation. |

In Table 5, only the slope was changed from 3 fo 2.
After the end of the second subperiod, Method 3~Z.gave the
best results, although the variances were larger than for |
Method 2-2; Method.2-2 apparently underestimated the
variances, as can be seen by the estimation interval per-
centages. .

When the trend changed from 3 to 1 as in Table 6, the
results were almost the same as for Table 5.

In Table 7, monthly effects, Qs Were added as given
at the top of the table. Method 2-3 gave the highest per-
centage of the estimétes within three percent of the total,
but Method 2-2 did almost as well.

In Tables 8,9 and 10, the distribution of the error
terms was changed from the normal to a uniform distribution
to see how sensitive the methods were to normality. Methods
2-2, 2-3 and 3-2 still performed quite well under the uni-
form distribution.

In Tables 11, 12 and 13, the intercept was assumed to

be the same for each period but the slope was varied from

L iy
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period to period in Tables 12 and 13 while i1t remained con-
stant for Table 11. In Table 12, the slope continued to
increase for the current period while in Table i3 the slope
decreased for the current period. Although Method 3-3 per-
formed extremely well when there were no changes in the
slope as in Tabie 11, it was the péorest in Table 13. In
Tables 12 and 13, Method 3-2 performed at least as well as
the other methods and considerably better in some cases.
fable 14 shows that the performance of Method 3-2
depends a great deal upon the regression model used. If
the "correct" model is used the percentages are fairly
close to 95%. The average percentage for the combination
model was 92% which is fairly close to 95%. One problem
with the Monte-carlo study is that upon looking at the
data, if two or three observations at the beginning devi-
ate from the mean in the same direction, then this method
interprets this as a change and assumes the remaining ob-
servations will also be above the mean; thus, this method
is affected more than the others studied. However, if the
first observations were significantly bigger than usual, it
would be reasonable to assume a change in the trend. This
problem in predicting a change when there was actually no

change was the main reason the percentages were smaller
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than 95% near the beginning of the period. Even in these
cases, this method recovered fairly quickly under one of
the methods. 1In general, the cubic was better at the
beginning and the linear at the end of the period.

In terms of variances and accuracy, Method 3-3 did
not perform as well as did the others except in cases ,I
where there were no changes in the model for the past
and the future. For this reason énd the fact the trans-
formation ﬁatrix is extremely difficult to calculate,
Method 3-3 is not recommended.

Overall, Method 3-2 performed quite well under all
circumstances, especlally after the second subperiod.,
Some of the other methods, especlally 2-2 and 2-3, per- -
formed quite well under some circumstances but did poor-
ly under others. Therefore, unless one knows that the
trend fits one of the situafions under which Methods
2-2 and 2-3 performed extremely well, Method 3-2 appears
to be the best procedure to use'becagse it did almost as
well as any other procedure régardless of the changes in

the trend or in the distribution of the errors.
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C*******************************************************

C SET F:5/REG DATA3 OUTIN
C SET F:6/R30UTINSREL
c SET F:7/030QUTIN;REL
C SET F:8/H; OUTIN3 REL
o SET F:9/RE3O0UT
o SET F:1@/CURRENT DATA3 QUTIN
c SET F:12/TEMP DATAS OUTINS REL
C SET F:14/TEMP DATA3 OUTIN; REL
C SET F:15/CONTROL FILE3IN
C SET F:108 CARD PUNCH
C**************************************************#****
o MUL TIPLE REGRESSION PROGRAM
C USES SUBROUTS: PARAM, IREAD> TRANs> CORRE, SELECTsMINT> COE
F» RES,LOCATE _ : _
C CONTROL CARDS READ ON 105, DATA 185, ERROR MESSAGES 0
UT ON 108, : ' , ,
C LISTED OUTPUT ON 6--BUT DUPLICATED ON 9, UNITS 8 &
9 ARE MISC.
C
C NCOPY=MAX COPIES OF OUTPUTs MAXM=MAX SIZE OF REGRESSI
ON >
c MAXI=MAX SIZE OF INPUT & TRAN ARRAY> MAXT=MAX NO. O
F TRANSFORMS :
C

DOUBLE PRECISION RsRX,»XBAR, STDs BOBs DET

COMMON Rs RXsXBAR» STDs BOB» TOBs SB
C - .

NCOPY=93MAXM=583MAX1=993 MAX T= 50
C FOLLOWING DIMENSIONS DEPEND ON: 1711=58%(58+1)/2,1653
=(58~-1)X58/2,
C 114=58%2 WHERE MAXM=583100=99+1 WHERE MAXI=993 AND
MAX T= 50 , ' :

DIMENSION RC1711),RX(1653),XBAR(58),STD(58),B0B(58),B
(114 .

DIMENSION ISAVE(S58), TOB(180)»T(99)5SB(99),1TC(5,58),C
C(58)

DIMENSION IHEAD(C20),IPAR(20), 1A(8)>1F5(37)
C BOB IS DUMMY DOUBLE PRECISION B ARRAY +1 -- JOB IS T
+/ .

EQUIVALENCE (BOB(2),B), (TOB(2), T)
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DIMENSION ICCI(24),ICPI(24)>BB(0:24),BC(B:24)
DO 6 1I=1,24 '

ICCICIN=0

ICPICI)=0"

SIGMA=0Q

XW=0

K=0 ; . :
OUTPUT °*'INPUT CODE FOR DISTRIBUTION OF ERRORS'
*NORMAL=1"°' » 'UNIFORM=2'

INPUT NCO )

QUTPUT °*INPUT METHOD OF ESTIMATION'

INPUT NM

GO TO (1,2)5NCO

OUTPUT °*INPUT STANDARD DEVIATION'

INPUT SIGMA

OUTPUT 'INPUT # OF SDEVS FROM MEAN'

INPUT XW

GO TO 5

OUTPUT ° INPUT HALF-WIDTH OF INTERVAL®

INPUT XW '

CONTINUE

OUTPUT *INPUT RANDOM NUMBER GENERATOR'

INPUT ISEED

DATA ENDF/'ENDF*/ ' )
OUTPUT * INPUT NO OF REPS OF PAST DATA®

INPUT NR ) ‘ : B
OUTPUT ‘'INPUT # OF REPS OF CURRENT DATA/REP OF PAST®
INPUT NRR

OUTPUT 'INPUT # OF SUBPERIODS.DEGREE OF TREND®
INPUT MPERsNTREND

OUTPUT 'INPUT Z VALUE FOR Cl,Z% DEV OF MEAN'
INPUT ZCIi»ZPI

OUTPUT *'INPUT NO OF PERIODS®

INPUT NPER

IF(NM.NE« 4) IM=@3 GO TO 8

OUTPUT 'INPUT SUBPERIOD #°

INPUT IM

CONTINUE

IF(NMoeNE-7¢ AND-NM.NE-8) GO TO 9
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OUTPUT °INPUT 1t TO OUTPUT MATRICES®
INPUT ND :
OUTPUT °*INPUT YHAT. VARIANCE®
INPUT YHAT1,VARIANCE
9 CONTINUE '
OUTPUT °‘FOR PAST DATA®
OUTPUT °INPUT BETA FOR I=@,NTREND®
DO 7 I=@sNTREND
INPUT BBCI)
7 CONTINUE _
OUTPUT °INPUT EFFECTS FOR SUBPERIODS @ THRU M-1°
DO 3 I=1>sMPER-1
INPUT XX
J=I+NTREND
3 BB(J)=XX
J=NTREND+MPER
BB(J)=0
OUTPUT ‘'INPUT NCH USING CODE®
_OUTPUT '@ - CONTINUE SAME TREND'
OUTPUT °*1 - DUPLICATE TREND FOR EACH PERIOD®
OUTPUT '2 - DIFFERENT TREND FOR EACH PERIOD'
INPUT NCH :
OUTPUT 'FOR PRESENT DATA'
OUTPUT 'INPUT BETA FOR I=@,NTREND'
DO 7000 I1=0,NTREND
INPUT BCCI)

7000 CONTINUE

OUTPUT 'INPUT EFFECTS FOR SUBPERIODS @ THRU M-1"'
DO 80080 I=1,MPER-1
INPUT XX
J=I+NTREND
B8OB® BC(JI=XX
J=NTREND+MPER
BC(J)=0
DO 100 IR=1,NR
NQQ=0
IFC(IR<EQ.NR) NGQ@=1
K=KAL PHA
REWIND 5510,12,14515 .
CALL CSGEN(NCO» SIGMAsXWsK» ISEEDsNTREND> NPER>MPER»s BBs N
CH>NRR» BC) :
IF(NM«EQ.7) CALL CSTR7(MPER>ND»>ND)
IF(NM.EQ.8) CALL CSTR8(MPERsND>ND)
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C INITIALIZATION & PARAMETER SETTING

10 END FILE 73REWIND 65,731END=13N= @3T(@) P.03B(P)=
REWIND 15,9
CALL ABORTSET (135,1)

86 FORMAT(/1iH1)
CALL PARAM(1,18sMAXT» IHEAD> IPARsITCsCCs IFS,1IF5)
DO 11 I=1,MAXI

11 T(I)=0. ' '
INN=53 IFC(IPAR(C19).NE.@) INN=1@5 -

K=IPAR(5)3M=1PAR(6) 3 END FILE 73 REWIND 7,8
IF (M.EQ.B) M=K

IF ((MeGTeMAXM) e ORe (Ko GToMAXI) o ORe (MoLTo2) e ORe (KoL To2

)) GO TO 13
IF (IPAR(13).EQ.@®) IPAR(13)=1
IF (IPAR(12)NE.8) IPAR(}12)=
J=K3IF (MeGTeK) J=M
WRITE (6512) IFS»IPARCI2),(I,1=15U)

12 FORMAT(' CARD FORMAT®»17A4/T2,20A4/7"° 0BS. '>»7Xs "VARIA

BLE NQ."'/
1* NO.' ;N(9@(TS:I7;4112/)):(TS:I7:9II2))
c READ OBSERVATIONS

CALL ABORTSET (14S,1)
20 N=N+13 CALL IREAD (IEND:@:K:N:IFS;IFS:B:IPAR(]B),INN)
IF (IEND.EQ.2) N=N-13 GO TO 30
BIF((NLE. IPAR(13)) OR.(IPARC13):LT-2)) WRITE (6:21) N
» IPARC12),
1(B(I):I=13K)
21 FORMAT(/T2,I13,N(90(TS5»5G12.4/))5,(T5,10G12.4))
22 FORMAT(' TRF'>N(98(TS555G12.4/)),(T5,10G12.4))
IF (IPAR(7).LE.D®) GO TO 23 ,
CALL TRANCIENDs, IPAR(7)>MAXI»ITC»CC»B»T)
IF (IEND.EQ.3) GO TO 14
DO 24 I=1,M
24 T(I)=B(I)
IF CIEND.EQ.2) N=N-13 IEND=13 GO TO 20
BIF ((N.LE«IPAR(C13))+0R.(IPARC(13):LT«B)) WRITE(6,22) 1
PARC12),
1¢(BCI), I=1,M) ‘
23 IF (IPAR(9)NE-.B) WRITE(8) (BC(I)sI=15M)"
CALL CORRECIEND»MsN» IPAR(12)sXBARs» STDsRs B)
GO TO 20

c RUNNING OFF REGRESSIONS
30 IF (IPAR(C14).NE.B) IEND=63G0O TO 33
IF (IPARC15).NE.@) IEND=4

F————
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33 CALL CORRECIENDsMsN»IPARC12),XBARs» STD»R:»B)
JR=1PAR(8)
IF (JR.EQ«B) JR=1
DO 31 I=1,JR
CALL ABORTSET (38Ss1)31END=1 :
CALL SELECT (IEND:IPAR(B):NRES:M:K:KY:ISAVE:IA:R:RX)
WRITE (6,88) IHEAD,IA
88 FORMAT(20A4, Tis» 1H1/T2,8A4/7)
IF (IENDeEQe3) GO TO 38
CALL SYMINVC(IENDs>RXsK» DET)
IF (IEND«GT.1) WRITE(C6s 41) ISAVE(KY+IEND): GO TO 31
41 FORMAT(®* X°*'*'X MATRIX BECAME SINGULAR AT VARIABLE's13)
IF (IEND.EQ@.3) GO TO 38
DO 37 II=1,KY
IF (II.GT«1)> WRITE (6,88) IHEAD,IA
CALL COEF(K»KY>»IIsNs>»IPARsISAVE>XBARs» STD»R»>RXsB0OBs»SP,» N
MsMPER> 4
INTREND»ZCI»ZPI, IMs YHATI» VARIANCEsNRR>» ICCI» ICPI»NQQ)
BIF (NRES.NE.@) WRITE(6,88) IHEAD,IA 3
1CALL RES (N:K:KY:II:M:IPAR(14):NRES:ISAVE:XBAR:STD:BO
Bs T» RX» SP)
37 CONTINUE: CALL PRINT(N>KsKY» IPARs I SAVEs IHEAD> R RX5> STD»
T»1A)
GO TO 31
38 WRITE (6539) .
39 FORMAT(' ERROR IN REGRESSION SELECTION®")
31 CONTINUE )

C MULTIPLE COPIES & ERROR RECOVERY

17 WRITE(6,86);WRITE(6588) ENDF3;NC=IPARC11)
IF (NC.LE.D) NC=1
IF (NC+.GT«NCOPY) NC=NCOPY
CALL -ABORTSET (1855 1)
DO 16 I=1sNC
REWIND 6
18 READC6587) (T(J)>J=1,31)
IF (TC1).EQ.ENDF) GO TO 16
WRITE(9,87) (TC¢J)»J=1,31)3G0 TO 18
16 CONTINUEs GO TO 100 '
87 FORMAT(31A4)
13 WRITEC108,93) IHEAD;GO TO 19
93 FORMAT(20A4,T1,///7' ERROR IN PARAMETERS, PROBLEM IGN
ORED') :

&

TT
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14 WRITEC108,94) IHEAD
94 FORMAT(20A4,T1s////' ERROR IN TRANSFORMATION OR READ-
IN®) .
19 CALL IREAD(3,KsKsNsIF5,1F5,B, IPARC18))3;G0O. TO 100
199 CONTINUE .
WRITEC1OQ8,101) NM
101 FORMAT( 2/, 20X, *METHOD "> I2)
ICC=1311IP=12
IF(NM.EQo1) IIP=1
IF(NM.EQs 4) ICC=1IM3 1IP=1IM
IF(NMs EQ+7 « ORoNMo EQ.8) IIP=11
DO 193 IC=ICC,>IIP
XICCI=ICCICIC)
XICCI=XICCI/NR *(1./NRR)
YICPI=ICPICIC)
YICPI=YICPI/NR %(1./NRR)
WRITEC108,102) ICs> XICCI»YICPI
102 FORMAT(2X, ' SUBPERIOD= '» 13, 3X, *CI FRACTION =°,
1F6e 45 4X5 'PI FRACTION ="', F6.4)
103 CONTINUE
END
C
SUBROUTINE PARAM (I05IP>»ITsIH,IPAR,ITCsCCsLs» IF5)
DIMENSION IAC20),IPARCI)>IH(1)>ITC(S5,1)5CCC1),LC21)51
F5C1)5KARD(8) .
DATA KARD/'F'>'L's "P'5 'R'5'T*> 0", * v, Cy
DO 1 I=1,37
IF (I.LE.20) IHCI)>=KARDC(T)
IF (I.LE.21) LCI>=KARD(T)
IF (I.LE.IP+18) IPARCI)=0Q
1 IFSCI)Y=KARD(7)3NHEAD=0
30 FORMAT(20A4,T15A15T6sA15T25 411, T13,17A4)
31 FORMATC(T11,7¢(2A44,12))
32 FORMATC(T11,3512)
33 FORMAT(T6,11512)
34 FORMAT(T11,512; F10.5)
10 READC15,3@,END=12) IA,J,K3;REWIND 83 WRITE(S,30) IA3RE
WIND 8
IF (J.EQ.KARD(1)) GO TO 21 .
IF (J-EQ.KARD(3)) READ(8&,32) C(IPARCI+18),I=1,1IP);G0 T
010
IF (J.EQ.KARD(1)) GO TO 21 ,
IF (CJ.EQKARD(2))«AND. (10.EQ.2)) IPAR(9)=13G0O TO 22
IF (CJeEQeKARD(4))«AND.(10.EQ.1)) IPAR(8)=IPAR(8)+1;G
0 TO 23 ‘

TT
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PIF ((JeEQ-KARD(5)).AND« (IPAR(7)+1.LE.IT)) K=IPARCT7)+1

IWRITE (65,30) KARD(7)5»(IACI)»1=1,19)3 G0 TO, 24
IF ((J.EQ.KARD(8)).AND. (10.EQ.1)) GO TO 25
NHEAD=NHEAD+1

IF (NHEAD.EQ.1) READ(8, 30) (IH(I):I—I»Q@)

IF (NHEAD.LE.10) WRITE(6, 30) IA:KARD(7)

GO TO 10

21 READ(S8, 32) IA:J:K:(IPAR(I):I-1:4): (IFS(L):I=1.~

217)

) )
IF (KeEQesKARD(6)+e OReK+ ER-KARD(7)> RETURN
READC15,38) (IF5(1I)5I=18,37)5 RETURN
22 READ(8,5,31) (LCIDLL(I+7)5LC(I+14)5I=157)5G0 TO 1@
23 WRITE(75,30) IA3REWIND 83READ(8533) I,J31IF (J.NE.B) IP
AR(9)=J -
IF (I.NE«D) READ(105,30) IA3WRITE(7,38) IA
GO TO 10
24 IPARCT)I=K;READ(8,34) (ITC(IsK)»I=155)>CC(K)5G0 TO 10
25 WRITE (7,30) IAREWIND 83 READ(8,33) I '
26 I=1I-131IF (1.LT.B) GO TO 10
READ (15,30> IAs3 WRITE (7, 39) IA:GO TO 26
12 CALL EXIT
END

c NORMAL RANDOM VARIABLE

FUNCTION RNORMCIYs»XMEAN,> SIGMA>XMIN>XMAX)
CALL MYRANCIYsRA)

CALL MYRANCIY,RB)
V=(~2.0%AL0OG(RA) %0 o 5% COS( 6. 283*RB)
RN ORM=V%SIGMA+XMEAN

IFCRNORM=-XMIN) 657,8

RNORM=XMIN '

RETURN

IFCRNORM~XMAX) 7:7:9

RN ORM=XMAX

RETURN

END

VRN o

IPAR(5)=IPAR(l)*l@+IPAR(2); IPAR(6)=IPAR(3)#1@+IPAR(4
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SUBROUTINE CHOL(IENDs»A,NsDET)

C CHOLESKY DECOMPOSITION OF A POSITIVE DEFINITE MATRIX
STORED AS
C AN UPPER TRIANGLE, COLUMN BY COLUMN ‘

DOUBLE PRECISION AC 1),DETs SUM»PIVOT> DSGRT
INTEGER SUB .
DET=1.0
DO 25 I=1,N
LOoOP=1-1
DO 20 J=I,N
SUM:gog
IFCLOOP.LE.B) GO TO 10
DO 5 K=1,LOOP
S SUM=SUM+AC(SUB(K»1))*A(SUB(K,J))
10 SUM=AC(SUB(I-»J))~SUM
IF (I1.NEe«J) GO TO 15

C TEST FOR FAILURE OF POSITIVE DEFINITENESS -
IFCSUM<LTe1D-13) GO TO 30
C TRANSFORM PIVOT

PIVOT=DSQRT(SUM)
ACSUB(IsJ))=PIVOT
DET=DET*PIVOT
PIVOT=1.0/PIVOT
GO TO 20 :
C COMPUTE OFF-DIAGONAL TERMS
15 ACSUB(I»J))>=SUM*PIVOT
20 CONTINUE
25 CONTINUE
c COMPUTE DET(A)=DET(L)*DET(L ")
DET=DET*DET
RETURN
30 DET=0.0
1END=1I
RETURN
END
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SUBROUTINE SYMINV(IENDsAsNsDET)
SUBROUTINE TO INVERT A POSITIVE DEFINITE MATRIX BY CH

OLESKY METHOD ’

E FROM

TS.

C
C

5

10
15

ORDER

20

25
30

DOUBLE PRECISION AC 1),DETs SUM

INTEGER SUB

FACTOR A INTO A=(LL ")

CALL CHOLC(IENDsA>N»DET)

IF (DET-EQ.2.08) GO TO 39 S
INVERT UPPER TRIANGULAR MATRIX (L °*>. THIS MUST BE DON

COLUMN NsN=-leccee1 SO AS NOT TO DESTROY NEEDED ELEMEN

DO 15 L=1sN

K=N+1-L
A(SUB(KsKII=1B/ACSUB(KsK))

DO 10 M=LsN

J=N+1-M :

IF(J.EQR:K) GO TO 1

SUM=0.0

Ji1=J+1

DO 5 I=Jl1sK

SUM=SUM~ACSUB(J, I))*A(SUB(IsK))
ACSUB(J>K)II=SUM/ACSUB(J»J))
CONTINUE

CONTINUE

NOW A CONTAINS L TRANSPOSE INVERSE
MULTIPLY INVERTED LOWER TRIANGLES TOGETHER IN: REVERSE

DO 25 I=1,N

DO 25 J=I>N

SUM=0.0

DO 20 K=JdsN
SUM=SUM+ACSUB(I>K)I)I*A(SUB(J»K))
AC(SUB(I,J))=SUM

CONTINUE

RETURN

END
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INTEGER FUNCTION LOCATEC(I-J)

IF (CI-J)eLTe0®) LOCATE=I+(Jd*J-J)/23 RETURN
LOCATE=J+(I*I-1)/25RETURN

END

SUBROUTINE SELECT (IENDsLsNsMsKsKYs ISAVE> IA»R>RX)
DOUBLE PRECISION R(1),RX(1)

DIMENSION ISAVE(1),IA(B)

DATA IB,IR/" R/

DO 1,1I=1.,8

IACI)=1B3 ISAVE(1)=0B3 ISAVE(2)=03KY=0351J=03N=0

IF (LeGT«®) READ(754) IDs»JsNsKY>IA>,(ISAVE(I)s>I=1,20)
IF ((LeGTe@):ANDe(IDNE.IRY) IEND=35; RETURN

IF ((L.GTeB)eANDe (J«NE«@)) READ(755) (ISAVECI)»I=21,-M .

FORMAT(AL1,Té65 11,212, TA4,A2,2012)
FORMAT(4212)

IF (KY.LE.@) KY=1

IF (KYeGT.(M-1)) IEND=335 RETURN
IF (ISAVE(2).NE-B) GO TO 3

IF (ISAVE(1).EQ.®) ISAVE(1)=1
J=0

DO 21 I=2,M

J=J+1

IF (JeERe.ISAVEC(1)) J=J+1
ISAVEC(I)=J

3 K=M=~-KY

~ o

22

DO 6 I=1,M

IF (ISAVE(I).LE.?) K=I-KY-15 GO TO 7

IF (CISAVE(CID>.GTM) IEND=33 RETURN

CONTINUE

IF (K.LE.@) IEND=35 RETURN

DO 22 I=1,K

DO 22 J=1.,1

IJ=1J+1
RX(IJ)=R(LOCATE(ISAVE(I+KY):ISAVE(J+KY§))}RETURN
END

11
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SUBROUTINE COEF(K>KYs>II,Ns IPAR,ISAVE,XBAR,STDsRs RXs B,
SE

1>NMsMPERsNTREND»ZCI»ZPI,IMsYHAT1,» VARIANCEsNRRsICCI»IC
PI,NQQ)

DOUBLE PRECISION XBAR:STD:R:RX:C:SME:B:BO

DIMENSION IPAR(1),ISAVE(C1),XBAR(1),STDC(1),RC(1)5»BC(1)5>R
X))

DIMENSION ICCIC(1),ICPIC1)
C FIND REG COEFs»R-SQUAREDs INTERCEPT~-PLACED IN B(K+1)

RM=0.03BO=0.03NY=ISAVEC(II)3NN=N-13IF (IPAR(14).NE.9)
NN=N

F=0.03SE=0.03 SME=0.0

DO 1 J=1,K

B(J)=0.0B35NX=ISAVEC(J+KY)

DO 2 I=1,K

2 B(J)= B(J)+R(LOCATE(NY:ISAVE(I+KY)))*RX(LOCATE(J:I))
RM=RM+B(J)*R(LOCATE(NY,NX))3B(J)=B(J)*STD(NY) /STD(NX)
1 BO=BO+B(J)*XBARCNX) ’

B(K+1)=XBAR(NY)~-BO;IF (IPAR(14):NE«D)> B(K+1)=0.0
C FIND SUM &MEAN OF SQUARES DUE TO REG, ERROR», TOTAL

SST=STD(NY)>*STD(NY)*(N~-1)3 SSR=RM*%SST3 SSE=SST-SSR3s SMR=

SSR/K
IF ((SSE+«LE«D:0B)+0ORes (NN.LE-K)) SSE=0.03 GO TO 27
SME=SSE/(NN~K)3 F=SMR/SME;3 SE=DSQRT(SME)
c WRITE-OUT COEFFICIENTS,ETC.
27 WRITE (6,23)

DO 3 I=1sK
C= RX(I*(I+]) /2)3L=1ISAVE(KY+1)3C=C+*SME/(STDC(L)Y*STD(L)
J/7(N-1)
SB=DSQRT(DABS(C))>3PR=B(I) /DSQRT(C*(NN-KI+B(I>Y*BC(I)>); T
=00 '
IF (SEeGT-0.8> T=B(I)/SB "
3 WRITE (6,24) Ls»XBAR(L)>»PR»B(I)>SB>T
WRITE (6525) NY»XBAR(NY)»B(K+1),RM:s SE
IF (IPARC14).NE.0B) WRITE (6,28
NE=NN-K3WRITE (6526) Ks SSRs» SMRs FsNEs» SSE> SME»NsNN» SST
230FORMAT(* VAR.' :TlS:'MEAN » T245 "PARTIAL "5 T36» *"REGRESSI
ON's>T495 *STD- .
1 ERROR'>T635 *"COMPUTED'/' NO. '»T25s *CORR. '»T38s *COEF. .
'>T49, *'REGR.
2COEF«'>T63>°'T VALUE")
24 FORMAT(T35,12, 3X»5G13. 4)
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250FORMATC ° DEPENDENT®/T3s 125 3Xs G1 3. 4//T3, "INTERCEPT =°,
T21,G13. 4/T3>
1°R SQUARED =*,T215G13.4/T3s *STD- ERROR(SY.X) =", T215 Gl
30 4)
260FORMATC /77777 . T17, *ANALYSIS OF VARIANCE FOR THIS
REGRESSION '/ :
1//T6* SOURCE® > T265 "De Fo *5T385 "SeSe 'sTS1s 'MeSs *5T625 'F
VALUE'//' DUE , :
2 TO.REGRESSION®»T24, 155 T3453G13. 6/ RESIDUAL °»T24,15,

"T34>2G13.67/ :
3' TOTAL (N ='51I5," )°»T24,15-T34,G13:6)

28 FORMAT (//° NOTE THAT THE OPTION OF "NO COMPUTER SU:

PPLIED INTERC
1EPT'* WAS USED®)

c . CALCULATION OF CONTRASTS ]
CALL INTER(K»RX»B» SEsNE»XBAR »ISAVE, STD>KY»N,ICCI»ICP
i :

15NM>» MPER:NTREND:ZCI:ZPI:IM»YHATI:VARIANCE:NRR,NQQ)

DIMENSION IT(8),CON(58)

DATA ICsIR/'C ' R'/ .

JJ=@ 3IF (I11.GE.2) GO TO 47 ' o
34 READ (7, 31,END=5) I3BACKSPACE 73L=K+1 3IF (I.NE.IC) R
ETURN : :

31 FORMATCALsT65115T11,7A4,A2,8F5.0)
- DO 33 I=1,L
33 CONCI)=0.

READ (75,315END=5) I1,I5IT»(CONCJ)»J=1,8)

IF (I1.EQ.1) READ (7,32,END=5) (CONCJ)>J=9,24)

IF (1.EQ.2) READ (7532,END=5) (CONCJ)»J=9, 48)

IF (1.EQ.3) READ (7»,32,END=5) (CONCJ)»J=9,56)

IF (1.EQ.4) READ (7,325 END=5) (CONCJ)»J=9,58)
32 FORMAT(16FS.9)
47 CL=0.03SL=0.0

DO 42 I=1,K

CL=CL+BCI)*CONCI+ 1)

DO 42 J=1,K

XX=RX(LOCATE(I., J))/STD(ISAVE(I+KY))/STD(ISAVE(J+KY))/:

(N-1)

42 SL=SL+CONC(I+ 1)%CONCJ+ 1)*XX
CL=CL+CON(II)Y*XBARCISAVE(CII))
SL=DSQRT(C(CONCII)*CONCII)/N +SL)*SME)
Jd=JdJ+13 IF (JJ«EQ.1) WRITE (6, 46)

s/

46 FORMAT('1CALCULATION OF CONTRASTS AND PREDICTED VALUE
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10
20

30

40
45

50

6B
65

70

30

43

44
45
5

115.,

WRITE (6-43) IT» ISAVECII)»> (ISAVECI+KY)»I=1,K)
WRITE (65 44) CONCIIY»> (CONCI+1 DJ,I=1,5K)

WRITE (65 45) CL>SL3IF (II.GE«2) RETURN

GO TO 34

FORMAT(/T2,8A4/"' VARIABLES & CONTRAST WEIGHTS --"'/(16

FORMAT(10G12. 4) .

FORMATC(/'CONTRAST =°5G12.4518X5 'STDs ERROR = °» G112, 4)
RETURN .

END

SUBROUTINE CSCONVC(INN,IOUT-NOUT)
PROGRAM TO PUT NEEDED INFORMATION ON DATA FILE

DIMENSION XC(12),AC012,12),MC(12),NTC12),Z(12)

DO 39 J=1s12 )
READCINN, 20, END=88) X(J)>(ACI»1)51I=1512)MC(J)sNTCJ)D
FORMAT(FS.0,1211,212) ‘ ‘
IF(X(J).LT.B) STOP

CONTINUE

DO 48 1=1,12

zCId)= 0

DO 40 J=1,1

ZCI)=ZC(I) + X(J?

DO 60 I=1,11

I0=10UT

WRITECI O, 50) XCIIs CACIS ) J=1,12)MCID)HLNTCI)HSZ(I+1)
1,ZC1)5ZC12)5151+1 :
FORMAT(IS5-,1211,212,315,2125-T605"'1")

IF(NOUT.NE.1)> GO TO 60

WRITEC14550) XC(I)so CACTI->J)aJ=1512)sMCIDNTC(I)HSZCI+1)
1,ZCI)5,Z2C¢12)5 15, 1+1

CONTINUE

I10=10UT

WRITECIO,T70) CXC12)5, CAC1250)5J=1,12)MC12)5NTC12)
12¢12),2(12) . : :
FORMATCIS, 12115212, 5%X,215,2X5" 1°'5T605*1°)
IF(NOUT.NE«1) GO TO 10
WRITEC14,7@) X(12), (AC125,J)5J=1,12),M(12)sNT(12)
1,2C12),Z2C€12)

GO TO 18

- CONTINUE

RETURN
END
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SUBROUTINE CSTR7(M»NDsNDD)

PROGRAM TO TRANSFORM DATA FOR METHOD 7
DIMENSION X(60),XT(608),S5(154B),S5S5(1540)
1, XNTC12)sNTC12),R(1541),RR(1541),YT(12)
2,5S5SC11.11)

DO 4 I=1,M

CXTCIN=0

DO 20 I=1,M
READC14,10,END=30) XC(I)
FORMAT(T27, FS.8)
XTCI)=XTCI)+X (1)
CONTINUE

GO TO 5

DO 40 I=1,M-1
XTCI)=XTCL) /X TCM)

N=M-1

R(1541)=0

DO 55 I=1,M-1

DO 50 J=1,M-1 ,

11=1

IFCJ.LTeIY I1I=J
SC(LOCATECI»J))=CII-XTCId%J=-XTCIIRI+XTCIIRXTCI)I%M) /X (M

SSS(I1,J)=SC(LOCATECI»J))

RC(LNDC(I,J))=0

R(LND(IsIDd)=1

IF(ND.NE.1) GO TO 60

DO 57 I=1,M-1

WRITEC128,115) (S(LOCATECI»J))»J=1,11)
RRC(LNDC1,1))=1

SSCLOCATEC1s1))=SC¢LOCATEC1,1))

DO 65 J=2,N

RRCLNDC1,J))=0.

SS(LOCATE(1,J))=0

RR(1541)=0

DO 95 K=1,N-1

DO 80 I=K+1,N

XM=SCLOCATEC(IsK)) /S(LOCATE(K,>K))

DO 70 J=1,N
RRCLNDCI»J))=RCLNDCI»J))-RCLNDC(KsJ))*XM ,
SS(LOCATEC(I»J))=S(LOCATECI»J))=S(LOCATE(K»J)I%XM
SSC(LOCATECI,K))=0

DO 95 I=1,N




95

100
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115
116

117
120

130

140
145

150

160

170
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DO 95 J=1,1
S(LOCATECI»J))=SS(LOCATE(I»J))
R(LNDCI»J))>)=RRC(LNDC(I»J))

DO 190 I=1,N

DO 180 J=1,1
R(LND(IsJ)>)=RC(LNDCIsJ))/
1SORTCABS(S(LOCATE(I»1))))
IF(ND.NE«1) GO TO 116

DO 110 I=1,N

WRITEC(1085115) (R(LNDC(I,J))sd=1,11)
FORMAT(6G12.6)

CONTINUE

REWIND 14

READ(145120,END=168) (NTCI)»XTC(I)>I=1,M)
FORMAT(T1I85, 12, T275,F5.0) °
IF(ND«EQ«1) WRITEC(1085,1208) (NTC(I)L>XTCI)>I=1,M)
DO 130 I=1,M-] : N
XTCIY=XTCI) /XT(M)

DO 145 I=1,-M-1

YTC(I)>=0

XB=0

XNTC(1)=0.

DO 140 J=1,M-1
ANTCII=XNTCI)+R(LNDCILUIIIRNTCI)
XB=XB+R(LNDCI»J)) '
YTCI)=YTCI)+RCLNDCISJII%XTCI)
WRITE(S5»150) YTC(IX>XNTC(I)>XB
FORMAT(3F26.8)

GO TO 117

CONTINUE

IFC(ND.NE.1)> GO TO 179

READC105,1208) (XT(I)»I=1,-M)
WRITEC1@8,123) (XT(I)»1I=1,M)
REWIND 10 :

CONTINUE

REWIND 5

REWIND 14

RETURN

END
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SUBROUTINE CSTR8(MsND»NDD)

PROGRAM TO GENERATE INDEPENDENT DATA FOR METHOD 8
DIMENSION X(608)»XT(5)»SC(1540), 5501540
15 XXTC44)5RC1541)5,RRC1541)5YTC44)5WC12) "
SHyNTC44) 5 XNTC44)
DO 180 1I=1,5
XTCIDd=0.
DO 185 I=1.M
READ(14,183) X(I)
FORMAT(FS5.0)
XTC1)=XTC(1)+X (D)
DO 188 I=1,M
WCId=g.
J=2
CONTINUE
DO 190 I=1,M
READ(145 183, END=200) X((J=-1)*M+1)
XTCIHI=XTCII+XCCI=-1)%M+])
J=J+1
GO TO 189
Z=XTC(1)
J=J=-1

KK=1

KKK=0

NY=J

DO 210 K=1,J-1

DO 210 I=1,M

Z=Z+X CI+M*K) =X CI+M*k (K=1))
IF(I.EQ.M) GO TO 285
XXT(KK)I=Z

KKK=KKK +.1

IF(KKK.GTe 11) KKK=1
NTCKK)EKKK

KK=KK+1
WCIY=WCI)+Z

CONTINUE

DO 220 I=1,M-1
WCII=WCI) /W M)
WCMI=W M) 2J
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TO CALCULATE VAR-COV MATRIX

aaQ

RC1541)=0.

DO 240 I=1, 44

DO 230 JJ=1,1

SCLOCATE(I»JJ))=0
230 RCLNDCISJJ)I=0
2 40 RCLNDCI»ID)=1

RRCLNDC1,1))=1

DO 250 JJ=1,J-1

DO 250 II=1,M-1

DO 250 I11I=1,11I

KV=ABS(II-III)

KISLOCATECCII=-1)*(M=-1)+115CJJ=10%(M=1)+111)

S(KII=(M-KV-WCIII*ITI-WCITID*TI+WCIII*WCITITI*M)
250 SCKII=S(KI) /W(M)*%2

DO 260 JJ=1,J-1

DO 260 II=1sM-1

DO 260 I1I=1,M-1

KI=C(JJ=-1)%(M=-1)+11

KJ=JJ*(M-1)+111

KV=ABS(KI-KJ)

IF(KV.GE.11) GO TO 260

KV=ABS(II-III)

S(LOCATEC(KIsKIII=(M-KV-WCIII*(M=TII)-W(ITI)*

1CM=-1I)) /WM *%2
260 CONTINUE

IF(ND.NE.1) GO TO 280

DO 279 11=1, 44

DO 279 111=1,11

XX=SC(LOCATECII,III))

IF(XX.EQ.@) GO TO 270

WRITEC1085115) 1I,1I1,XX
270 CONTINUE
280 CONTINUE

SSC(LOCATE(1,1))=S(LOCATEC151))

N=(J=1)%(M=-1)

DO 65 J=2,N

RRC(LND(C(15J))=0
65 SS(LOCATE(1,J))=0
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RRC(1541)=0
DO 95 K=1sN-1 -
DO 80 I=K+1sN
DO 70 J=1,N
XM=SCLOCATECI-»K)) /SC(LOCATE(K>K))
RRCLNDCI»J))=RC(LNDCI,J))=RILND(K,J) ) *XM
SS(LOCATE(I»J))=S(LOCATECI»J))=-S(LOCATE(K>J))%XM
70 CONTINUE .
80 SS(LOCATE(I,K)>)=0
DO 95 I=1,N
DO 95 J=1,1 -
SC(LOCATECI»J))>=SSC(LOCATECI>J))
95 RCLNDCI,»J))=RRCLNDCI,J))"
DO 10@ I=1,N
DO 180 J=151
100 R(LNDCI,J))=RC(LNDC(I,J))/
1SORT(ABS(S(LOCATE(I,1))))
IF(NDDe.NE.1) GO TO 116
DO 116 I=1,N
DO 116 J=1,N
IFCR(LND(I>J)).EQ.B.> GO.TO 116
WRITEC(1985115)I,J,R(LNDCI>J))
115 FORMAT(Z21I 35 2Xs E« 3)
116 CONTINUE
KK=0
DO 130 1=2,NY
» DO 120 J=1-M=-1 :
120 XX TCKK+I)=XXTCKK+J) Z/XTCID
130 KK=KK+M~- 1
DO 160 I=1,N

YTC(I)=0.
xB=0
XNTCI)=0.

DO 140 J=1sN
XNTCI)=XNTCI)+RCLNDCI»J)IENTCI)
XB=XB+R(LND(1,J))

149 YTC(ID)= YT(I)+R(LND(I:J))*XXT(J)
WRITE(S5,150) YTCID»XNTCI),XB

150 FORMAT(3F26.8)

160  CONTINUE
REWIND 5
REWIND 14
RETURN
END -
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FUNCTION PRBFC DA, DBs FR)
PRBF=1.0 '

IFC(DA*DB*FRe.EQ+@+.0) RETURN _

IF(FReLTo10) PRBF=.5; RETURN

A= DA _

B=DB

F=FR

AA=2 .0 /(9. 0%A)

BB=2.0/(9.0%B) :
Z1=((1.0~BB)*F*%x@0+333333~1. 0+AA)/SQRT(BB*F**0 666667+

Z=ABS(Z1)
IF(BeLTe 4e) Z=Z%(1.0+D08%Zx%4/Bk%3) N
PRBF=05/(10+Z%(e196854+Z%(o115194+4Z%( 0003 44+Z% 019

527))) %% 4

NDF

20
25

30

1F(Z1.LT-B.0) PRBF=1.0-PRBF
RETURN
END

SUBROUTINE IVAL(SB:RX:D;N:NP:VAR:KY:ISAVE:STD;NC)
DOUBLE PRECISION RX»STD .
‘DIMEN SION STD(l);XXI(365)9ISAVE(1);RX(I);B(l);D(l)

NDF=N-1

XZ=0+ _

DO 20 I=1,NP

DO 20 J=1,1

X= RX(LOCATE(J;I))/STD(ISAVE(J+KY))/STD(ISAVE(I+KY))/

XXIC(LOCATE(J, I))=X

CONTINUE

DO 25 I=1,NP

DO 25 J=1,NP

XZ=XZ+XXI(LOCATEC(J> I))*DCI)*DC(J)
IF(NC+EQ:7+0ReNCsEQe8+0Re NC EQe4> GO TO 30
RZ=XZ+1 :

VAR= ( SB¥*2)%XZ

RETURN

END
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SUBROUTINE RPROB (IDTsTSsNsK)
C PROGRAM TO FIND P-VALUE(L. E.) FOR STANDARDIZED RESIDUAL
c
DOUBLE PRECISION s,ss,z,zz,c
PRECISION = 0.901
MAXTERM = 500
" WRITE (652) IDT
2 FORMAT(/' FOR®»>145'TH T-RESIDUAL, *)
T=TS :
IF (N~K.LE«2) GO TO 8
IF (N.GT.120) GO TO 8
Z=SARTC(T*T/I(N-K))
IF (Z.GE.1.0) GO TO 8

C FIND CONSTANT

C=1.0 _
H=(N-K) /2.0
IH=H+Q«1
IH4=H-0. 4
II=1IH-1
IF (I1.LE.®) GO TO 22
DO 21 I=1,11

21 C=C*x(H=1)/(H~-1-0.5)

22 IF (IH.EQ.IH4) C=C%0.5
IF (IH.NE.IH4) C=C/3.141593
RERROR2=(PRECISION/(2.@%CHN) ) *%2

C EVALUATING THE INTEGRAL
S=z
Z2=72%Z
E=(N-K=3.0) /2.0
I=1

10 Z=~-Z*E%xZ2/1

SS=Z/(2%1+1)
S=8+S5S '
I=1+1
E=E-1.0 :
1F (S$S.GT.@.0) GO TO 10
ERROR2=SS*SS
IF (1.GT.MAXTERM) GO TO 8
IF (ERROR2.GT+.RERROR2) GO TO 10
ALPHA=N*(Q.+5-S*C)*2.0
IF (ALPHA.GT.9.3) GO TO 5
IF CALPHA.LE. D.0) GO TO 8
WRITE (6,11) ALPHA3 RETURN




123

11 FORMAT(' 2-TAILED ALPHACUPPPER BOUND) = °,FS5.3)
S WRITE (65 4)3 RETURN -
4 FORMATC' UPPER BOUND ON PROBABILITY EXCEEDS 0.30, ') . . -
8 WRITE (657)3RETURN
7 FORMAT(' PROBABILITY CANNOT BE EVALUATED. ')

100  CONTINUE

END
c
c
o

SUBROUTINE IREAD(IEND,K:L Ns IFSsMs X JsU)

INTEGER U

DIMENSION IF5C1),M(1)5XC1)
c GIVES IEND=2 TO SIGNAL !EOD; CALL WITH IEND=3 IS TO D
UMP CARDS; S o
c K=N0. OF CLASS. VAR.; L=NO. OF REAL VAR.3 M(K) & X(L)
ARE CLASS & :
c REAL INPUT ARRAYS; N GIVES OBSERVATION COUNT 5 IF5 IS

FORMAT

c

IF (IEND.EQ+3) GO TO 3 :
IF ((K%L)«GT.@) READCUs>IFSs END=2) (MCI),I=15K)»(X(I),
I=1,L)3 RETURN , , .
IF (K+GT.®) READCUs> IFS,END=2) (M(I)»I=1,K)3RETURN
IF (L.GT+B) READ(U, IFS5,END=2) (X(I)>I=1,L);RETURN
2 IEND=251F (J.EQ.@) RETURN
REWIND U RETURN
3 WRITEC108, 4) N ‘
4 FORMAT(/° READ-IN TERMINATED ON CARD--',17)
5 READCU>» 65 END=2)
GO TO 5
6 FORMAT(' *)
END
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SUBROUTINE INTER(KP:RX:B:SB:NE:XBAR:ISAVE:STD:KY:N»ICM

lxNC:M:NP:Z:ZP,IMETHOD:YHATI:VARIANCE:NR:NQQ)
DOUBLE PRECISION RX»B» STD»XBAR
DIMENSION XBARC1),RX(1)5BC(1),1SAVEC1),STDC(1)

DIMENSION X(=11:12)sNTC12)5XHAT(12)5AC12512),XCUMC12)
“1,YLLC12),YULC12)s VARY(@211), YHAT(O2 11);D(144),U(Il)

2, ICC1)>EC144),C0OVC144),IP(1)
X(B3)=0
YBAR=XBAR(ISAVE(KY))
NQP=0
GO TO.(20, 40,140,240, 300, 300>310,310)-NC

USING PERIODIC TOTALS ONLY---METHOD 2-1

NE=N=-1-NP .
DO 25 I=1s144
DCI)=0

DO 38 IR=1,NR"

READ(10,36) YAsNTM) :
FORMAT(11/5T27»F5.0,T28,12)

YHAT1=B(NP+1)

D(NP+1)=1.

DO 37 I=1,NP

DCII=C(NTCM) k%I

YHATI=YHAT1+B(I)*DCI)

CALL IVAL(SB:RX:D:N:NP+1:VAR:KY:ISAVE:STD:NC)
IX=IC(1)

IY=IPC1)

CALL CINTC(YHATI1, YA:Z:VAR»@:IX:IR:IY:ZP:NQQ )
ICC1Y=IX

IPC1)=1Y

CONTINUE

YDIF=YHAT1-YA

WRITEC108,39) YHAT1,YA,YDIF

FORMAT(® ©'5,3F15.2) '

RETURN
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USING SUBPERIODIC OBSERVATIONS SEPARATELY---METHOD 2-

NE=N-1-M%NP
DO 130 IR=1,NR
READC10,10) (X(I)»(ACI,J)sJ= 1:12)»NT(I):XCUM(I):I i1

FORMAT(FS5.0,1211»2X51255X5F5.0)

YACT = 0

DO 50 I=1,-M

XHATCI)=B(M*NP+1)

YACT=YACT+X(I)

CONTINUE

VA=0

DO 80 Il=1,-M

DO 55 I=1,144

DCINX=0

DO 68 J=1,NP
XHATCIID)=XHATC(II)+BCCII-1)%NP+JIENTC(II ) **J
DCCITI-1)&NP+JI=NTCII ) *%J

CONTINUE

D(M&*NP+1)=1o,

KPP=M*NP+1

CALL IVAL(SB:RX:D:N:KPP:VAR:KY:ISAVE:STD:NC)
IY=IPCII+12)

IX=1ICC(II+12)

VA=VA+VAR

CALL CINT(XHAT(II):X(II):Z:VAR:II:IX:IR:IY:ZP:NQP )
ICCII+12)=1X

IPCII+12)=1Y

CONTINUE

. VAR=VA/M

YHAT(D)=0

DO 90 1=1,M
YHAT(D)=YHAT(B) + XHAT(I)
DO 110 I=1,M-1
YHAT(I)>=0

DO 180 J=1,1
YHATCID)=YHATC(I)+X(J)

DO 110 J=I+1,M
YHATC(I)=YHATC(I)+XHAT(J)
DO 120 I1=0@,M~1
VARY(II)=(M-1I)%*VAR
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DO 130 I=0.,M-1

IX=ICCI+1)

IY=IPCI+1) .

CALL CINT(YHAT(I):YACT:Z:VARY(I):I:IX:IR:IY:ZP:N@Q D
ICCI+1)=1X '

IPCI+1)=1Y

CONTINUE

DO 138 1=0,11

YDIF=YHATC(I>-YACT

WRITEC1085137) I,YHATC(I)>»YACT,YDIF
FORMAT(I35 3F15.2)

CONTINUE

RETURN

USING ALL SUBPERIODIC OBSERVATIONS SIMULTANEOUSLY---M
2-3

NE=N-~1-NP-M+1
DO 230 1IR=1,NR
READC10,10) (X(I)»C(ACI-J)sd= 1:l2);NT(I):XCUM(I)sI-1:l

YACT=0

DO 142 I=1,M

YACT=YACT+X(I)

DO 199 11=1,M

XHATC(IID)=B(NP+M)

IFCII.EQsM) GO TO 150
XHATCIID)=XHATC(II)+B(II)

DO 160 K=1sNP

XHATC(II)= XHAT(II)+B(M‘1+K)*NT(II)**K
DO 170 I=1,M%M

DCI)=0

D(NP+M)=1.

DCIIJ>=1.

DO 180 K=1,NP

DM~ 1+K)I=NTCII)*%K

KKP=NP+M

CALL IVAL(SB:RX:D;N:KKP:VARY(II):KY:ISAVE:STD;NC)
IX=ICCII+12)

IY=IPCII+12)

CALL CINT(XHATCIIDJH»XCII)»Z, VARY(II)
1>11,IX5IR»1YSZP>NQP )

ICCII+12)=1X

IPCII+12)=1Y

CONTINUE
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IFCIR.GT.1> GO TO 195
DO 191 II=1,Mx*M
ECII)=0

DCII)=0 -
DO 194 II=1,M~1

DO 194 J=I1+1,M
DCIId=1o

ECJI=1.

‘DO 193 K=1,NP
DCM=1+K)=NTCIT)**K

CE(M=1+K)I=NTC(J) **K

D(NP+M)=1.

E(NP+M)=1.

CALL COVAR(CSBs RXs Ds EsNsNP+Ms> CO»KY>»
1I1SAVE, STD)

COV(LOCATECII»J))>=CO

DCII>=@

EC(J)>=0

CONTINUE

DO 2390 1J=0,M~1

YHAT(1J)>=0

DO 200 I=IJ+1.,M
YHATCIJIY=YHATCIJ)+XHATC(I)

DO 210 1I=0,1J
YHATCIJ)=YHATC(IJY+X(]I)

VAR=0

DO 220 II=1Jd+1,M

VAR=VAR+VARY(I1)

IFCIJ.GE.(M=-1)) GO TO 228

DO 225 I1I=I1J+1,M~-1

DO 225 IK=II+1,M
VAR=VAR+2%COV(LOCATECII»IK))
CONTINUE"

IX=ICCIJ+1) '
1Y=IP(CIJ+1)

CALL CINT(YHAT(IJ)s YACT»Zs VARsIJ>IX5>IR>1Y,ZP>,NQA )
IPCIJ+1)=1Y

ICCIJ+1)=1X

CONTINUE

DO 235 I=8,11

YDIF=YHAT(I)-YACT

WRITEC1@88,137) I,YHAT(I)>»YACT>»YDIF
CONTINUE

RETURN
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USING CUMULATIVE OBSERVATIONS SEPARATELY---METHOD 2-4

(Ao NeNe]

40 | 1J=IMETHOD
1X=0
1Y=0
NE=N-~-NP
DO 280 IR=1,>NR )
READC1D518) (XC(I)s(ACIU)sJ=1512)oNTC(I) XCUMCI)5»I=1,1
2)
YACT=0
DO 246 1I=1,M
246 YACT = YACT + X(I)
Y=B(NP+2)+B(1)*XCUMCIJ)
DO 250 I=2,NP+1
250 Y=Y+BCID)X(NTCIJ) )= (I~-1)
DO 260 I=15144
260 DC(I)>=0
. DC1)=XCUM(CID)
DINP+2)=1.
DO 278 I=1,NP
270 DCI+1)d)=NTC(IJI**x]
KPP=NP+2
CAL L IVAL(SB)RX:D:N:KPP:VAR:KY:ISAVEJSTD:NC)
VAR=VAR+(M-1J)/IJ*%(SB%%x2)
YHAT1=Y
CALL CINTC(Y>»YACT»Z>VAR»IJ>IXsIR»1IY>ZP>NRQ)
280 CONTINUE
YDIF=YHAT1-YACT
WRITEC1@28,137) IJ>YHATI>»YACT>»YDIF
RETURN

300 CONTINUE
’ RETURN
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C
& 3-3
C
310 NE=N-1-NP
YBAR1=YHATI
DC1y=1
IF(NC+EQ«7) GO TO ‘315
. YA=0 :
) READC1 4, 313) (X(I):I--ll:@)
313 FORMAT(47/,12C(/5FS«¢0))
. DO 314 1=-11,0
314 YA=YA+X (D)
- YAC=YA
315 DO 330 IR—l;NR
YA=YAC
IFCIRNE«1) NQAQA=0Q :
READ(C10, 10> (X(I),(A(I Jdo J= 1,12),NT(I),XCUM(I),I—1:1
2)
YACT=0
DO 316 I=1,M
316 YACT=YACT+X (1)
DO 330 I1J=1,11
YA=YA+X(IJ)~-X(1J-12)
UCIJI=BI(NP+1)
DO 328 X=1sNP
DK =1 J%x*K
320 ycrdd= U(IJ)+D(K)*B(K)
DINP+1)=1
YHATC(IJ)=XCUM(CIJ) 7UCIJ)
IF(NC+EQe8) YHATC(IJI)=YA/ZUCLD)
SSB—SB*YBAR!/U(IJ)
KPP=NP+1
CALL IVAL(SSB:RX,D,N,KPP,VAR,KY,ISAVE,STD,NC)
VAR=VAR+(M~1J)*VARIANCE
VAR1=VARIANCE
KJd=1J
IF(NC EQe8) KJ=M
VAR= VAR+KJ*VAR1/(UcIJ>*U(IJ))+IJ*VAR1 2/U(IJ)*IJ*VAR1
IX=ICCIJ)
IY=1IPCIJ) o :
CALL CINTCYHATCIJ)»YACT»Zs VAR, IJs1XsIRs1Y,ZPsNQQ)

\

c USING PERIODIC FRACTIONS SIMUL TANEQUSLY---METHODS 3-2
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40
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20

25
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1CCI=IX

IPCIII=1Y

SDEV=SQART(VAR)
YL=YACT-YHAT(IJ)+Z*SDEV
YU=YHATC(IJ >+Z*SDEV-YACT
YDIF=YHRATCIJ)-YACT
WRITEC108, 325) IJ:YHAT(IJ)’YACT:YDIF:YL:YU:SDEV
FORMAT(I35> 6F13.2) .
CONTINUE

RETURN

END

~SUBROUTINE CINT(YHATI:Y:Z;VAR:IK:IC:IR:IY;ZP:NQQ )
SDEV=SQRT(ABS(VAR))

YL=YHAT1-Z*SDEV

YU=YHAT1+Z*SDEV

IFCYLoLTeY<ANDeYUeGTeY) IC=ICH1

YL=Y*(1e-ZP)

YU=Y*(1e+ZP)

IFCYL+LTe YHAT1« AND.YUeGT«YHATL) 1Y=1Y+13RETURN
RETURN

END

SUBROUTINE TO CALCULATE COVARIANCES

SUBROUTINE COVAR(SB:RX;D:E:N:NP:COV:KY:ISAVE:STD)
DOUBLE PRECISION RX»STD

DIMENSION STD(I):XXI(365):ISAVE(1) RX(I)»B(I)
1,DC(1)LECD) o

NDF=N-1

XZ=0

PO 20 I=1,NP

DO 20 J=1,1

X=R X(LOCATE(J:I))/STD(ISAVE(J+KY))/

1STDCISAVECI+KY) ) /NDF

XXICLOCATEC(J, I))=X

DO 25 I=1,NP

DO 25 J=1,NP

XZ= XZ+XXI(LOCATE(J:I))*D(I)*E(J)
COV=(SB*%2)*XZ

RETURN

END
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SUBROUTINE RES(N,K:KY,II:M:IPARI4:NRES;ISAVE:XBAR:STD

»BsXs»RX» SP)
DOUBLE PRECISION XBAR:STD,B:RX S
DIMEN SION ISAVE(]),XBAR(I),STD(I)»B(I):X(I):RX(I)
NSE=131IF (NRES.EQ«.1) NSE=80 ) ] '
. REWIND 83ZN=0.03ZD=0.03L=1SAVECII)3 WRITE (6:1) NSE; T™.
.AX=0.0 .
IQFORMAT("RESIDUALS ARE--'/' 0BS. Y VALUE Y ESTI
MATE®» . :
14X> 'RESIDUAL "5NC 3X, 'SeE+-RESIDUAL *s 3X, 'T-RESIDUAL

.)) . .
2 FORMATC(T2,1I455G13+4)
3 FORMAT ('ODURBIN WATSON 28X5F9.5)

DO 10 NN=1,N

READ (8) (X(I)>»I=1,M)

I1D=0; SE=0.05YE=0.031F (IPAR14:EQ. 0) YE—XBAR(L)‘

DO 11 I=1,K

LI= ISAVE(KY+I)

IF (IPAR14.EQ.0) X(LI)=X(LI)- XBAR(LI)

IF (NRES.EQ.1) GO TO 11

IF (I.EQ.1) GO TO 12

DO 13 J=1,1-1

LJ=1SAVE(KY+J)
13 SE= SE+(X(LJ)*X(LI)*RX(ID+J)/STD(LJ)/STD(LI))*2 )
12 ID=1ID+I

SE= SE+((X(LI)/STD(LI))**2)*RX(ID)
11 YE=YE+B(C(I)*X(LIJY3RE=X(L)~YE3 SE=SE/(N=-1)

IF (NRES.EQ.1) . WRITE (6,2) NN,X(L):YE:RE:G:

0 TO 14
IF (IPAR14.EQ.0) SE=SE+(1.0/N)
. SE=SP*SQRT(1.0-SE); T=RE/SE; WRITE (6,2) NNsX(L)sYE,RE,
SEs T
 IF C(ABS(T).GT.TMAX) TMAX=ABSCT); IDT=NN
14 IF (NN.EQ.1) RE]=RE
ZN=ZN+( (RE-RE1)*(RE~RE1))3 Z D=ZD+RE*RE
10 RE1=RE
ZN=ZN/ZD3;WRITE( 65 3) ZN :
IF (NRES.NE.1) CALL RPROB (IDT:TMAX,N,K)
RETURN :
END

T
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SUBROUTIVE CSCEN(NC:SIGMA:XW:K:ISEED»NP:N;M)B:NCHiNR:

THIS PROGRAM GENERATES DATA FOR COMPARISON OF
REGRESSION ESTIMATES

DI‘MENSIO\] B(R:24), C(@A:24), AC12), BO(Bi24)
INTEGER UL ’
REAL MEAN:MEANI:MIN:MAX

XQ=XW

ICT=0

DO 15 I=1,M~-1

ACI)=D0

MN=M*N

KK=0

DO 31 IJ=1,N

IF(NCH-EQ.1) KK=0

DO 38 1I=1,M

MEAN = B(©2)

KK=KK+1

DO 280 J=1,NP

K=NP+11

MEAN=MEAN + B(J)*®(KK%*#*J)

MEAN 1=MEAN+B(K)

ACIIY=1

NO=03 IR=1

GO TO (21,22)sNC
MIN=MEAN1-XQ*xSIGMA
MAX=MEAN1+X@%SIGMA :
Y=RNORMC(ISEED>MEAN1,» SIGMA>MIN>MAX)
GO TO 26

LL=MEANI1-XW

UL=MEAN 1 +XW

Y=UNFRM(LL, UL, ISEED)

CONTINUE

WRITEC(12,28) Y:(A(KI):KI=1:12):II:KK
FORMAT(IS:]ZII:ZIZ)

ACII)=0

IF(NCH.EQ.2) ICT B3 GO TO 32
KK1=KK
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GENERATION OF DATA FOR CURRENT PERICD

IF(NCH.NE.2) GO TO 65
ICT=1CT+13 IR=NR
IFCICT.GE.N) NCH=15 GO TQ 65
OUTPUT *TYPE 1 IF NO CHANGE IN TREND®
INPUT ND
IF(ND.EQ.1) GO TO 50
OUTPUT ' INPUT DEGREE FOR TREND'
INPUT NP .
OUTPUT *INPUT ALPHA FOR 1=@,NP°
DO 40 1=0,NP '
INPUT X
cCI)=X .
OUTPUT °TYPE 1 IF NO CHANGE IN EFFECTS'
INPUT ND :
IF(ND.EQ-1) GO TO 63
OUTPUT *INPUT EFFECTS FOR SUBPERIODS 1
DO 60 I=1,M-1
INPUT X
J=1+NP-
cCdr=x
J=NP+M
CCJI=0
GO TO 78
DO 64 I=1,M-1
CCI)=BCI+NP)
GO TO 70
DO 98 IR=1,NR
NKK = KK1
DO 66 1=0,24
C¢Id= BOCI)
DO 90 II=1,M
X = C(B)
DO 80 J=1,NP
X=X+ CCII*C(II%%J)
K=NP+11
X=X+ CC(K)
ACII)=1
GO TO (81,82)>NC
MIN=X-X@*SIGMA
MAX=X+XQ%SIGMA
=RNORM ( I SEED»> X» SIGMAsMIN» MAX)
GO TO 86

THRU M-1°

T
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LL=X~XW

LU=X+XW

Y=UNFRMC(LL,LUs ISEED)

CONTINUE

INN=14

NKK=NKK+1

IFCNCH.EQ.2) INN=12 .
WRITECINNSB87) Ys CACIK)» IK=1,12)5115NKK
FORMAT(IS,1211,212)

ACII)>=0 _
IF(NCH.EQ.2) MEAN=X3KK1=NKK3 GO TO 32
OUTPUT ISEED

REWIND 12

REWIND 14

CALL CSCONV(14,10,0)

REWIND 14

10UT=5

CALL CSCONV(12,I0UT»1)

REWIND 5

REWIND 14

REWIND 10 .

REWIND 12

RETURN

END

UNIFORM RANDOM NUMBER ON INTERVAL 0.1

SUBROUTINE MYRANCIY»YFL)

T1Y=1Y%65539

IFCIYLE.D) IY=IY+1+2147483647
YFL=1Y*.4656613E~09

RETURN v

END

UNIFORM RANDOM NUMBER ON INTERVAL FROM A TO B
. : A

FUNCTION UNFRMC(LL-LUsIY)
A=LL

B=LU

CALL MYRANCIY»RNUM)

UN FRM=A+(B-A)*%RNUM
RETURN

END
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SUBROUTINE CORRE(IENDs>Ms>N»IPsXBARs>STDsRsD)
DOUBLE PRECISION XBAR(1),STD(1)5R(1)5C
DIMENSION DC(1) :
1J=0 :
IF (NaGTo1) GO TO 10
DO 1,I=1,M o
XBARCI)=D(I)3STD(1)=0.
DO 1sd=151
I1J=1J+1
1 R(1J)=0.03RETURN
190 IF (IEND.NE.1) GO TO 20
DO 11,1I=1,M
DCIN=DCIY=-XBARCII3 STDCI)=DCI)+STDCI)
DO 1t1,Jd=1,51
I1J=1J+1
11 RCIJI=RCIJI+DCII*DCJ)3 RETURN ‘
20 IF. (IEND«EQ«4) WRITE (6531) IP»(I,I=1,M)
IF (IEND-EQ«5) WRITE (6532) (I>I=15M)
31 FORMAT(////77°' CORRELATION MATRIX IS--"'/N(90C(5112/)),
(19112M» .
32 FORMATC(' VARIANCE-COVARIANCE MATRIS IS--°'/(T2,110,911
2))
DO 21 I=1,M
XRAR(I)'(STD(I)/N)+XBAR(I)
DO 21 J=1,1
IJ=1J+1
RCIJI=CR(IJ)- STD(I)*STD(J)/N)/(N 1)
IF CIEND.EQ.6) RCIJ)= R(IJ)+XBAR(I)*XBAR(J)*N/(N-I)
21 CONTINUE;11=0
DO 22 I=1:M
IS=I1I+1311=11+13STDCI>=DSQRT(DABS(R(II)))
DO 23 J=1,1
IJ=I1S+J-13C=STDCI)*STDC(J)
IF (CIENDeNE«S)sANDe(CeGT«D)) RCIJ)= R(IJ)/C
23 CONTINUE
IF (CIEND.EGe 4) « ORs (I END. EQ 5)) wRITE (6533) I,1IPs(RC
J)sJd=1I8,11)
33 FORMAT(T2,13, N(9IB(T555G12.4/))5(TS»10G12.4))
IF (MeGT+10) WRITE (6533
22 CONTINUE .
AIF CCIENDeEQes 4) «ORe (IENDs EQe5)) : ,
IWRITE (6540) (IsXBARCID,STDC(I)>I=15M)
40 FORMATC/T8s "MEAN"'s 6Xs *STD.DEV. '/(1452G12+ 4))
RETURN ‘ T
END

5l
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SUBROUTINE PRINT(NsKs»KY» IPAR, ISAVEs IHEADs» R RX»STD> T
»IA) . ’
DOUBLE PRECISION R»RXs» STD
DIMEN SION IPAR(I))ISAVE(I):IHEAD(Z@)»R(I):RX(I):STD(]
J»TC1I LACB)
DF=N-13IF (IPAR(16).EQ.0) GO TO 20
WRITE (6,1) IHEAD»IA3J=131F (IPARC14).EQ.1) J=0
NV=EK+KY3WRITE(65 2) J:IPAR(12):(ISAVE(L):L 1>KY)
DO 11 I=1,NV
DO 12 J=i»1 .
12 T(dOH= R(LOCATE(ISAVE(J):ISAVE(I)))*STD(ISAVE(J))*STD(I,.
SAVECID) Y%« DF
IF (1.EQ. KY+1) WRITE(6:4) IPAR(12):(ISAVE(L):L l:NV)
IF (KY+K<eGT. IPARC(12)) WRITE (651)
11 WRITE (6,3) SAVE(I):IPAR(le):(T(L):L=1:I)
20 IF (IPARC(17).EQ«@) GO TO 30 B
WRITE (651> IHEADSWRITE(6,5) IPAR(IZ):(ISAVE(L+KY):L'nN

DO 21 I=1,K
DO 22 J=1,1
22 T(J)=RX(LOCATEC(J>I))/STDCISAVECJ+KY))/STD(ISAVECI+KY):
) /DF :
IF (K.GT+IPARC12)) WRITE (651) _ -
21 WRITE (65,3) ISAVECI+KY)» IPARC12)s (T(L)sL=1,1)
30. 1F (IPAR(28).EQ.0) RETURN
WRITE (651) IHEADSWRITE(C656) IPARC12), (ISAVEC(L+KY)sL=
15K S
DO 31 I=1,K
DO 32 J=1,1" .. : ‘
32 T(J)= RX(LOCATE(J,I))/DSQRT(RX(LOCATE(J:J))*RX(LOCATEL
11>
IF (K.GT.» IPAR(IZ)) WRITE (6,1) , o .
31 "WRITE .(6,3) ISAVE(I+KY):IPAR(12), (T(L):L=I,I);RETURN
1 FORMAT(20A4, T1s.1H1/8A47 7). -
2 FORMATC ' Y''Y MATRIX'sN(C'--IN FORM OF DEVIATION FROM
MEANS==-")/ _ "
1 NC9BCSI12/))5,¢10112))
3 FORMAT(TZ,13, N(9D(TS»5G12.4/))5(T5,10G1244))
4 FORMATC/*' X''Y AND X''X MATRICES'/N(9Q(5I112/)),C1@112
» -
5 FORMATC ' INVERSE OF X''X'/N(9B(5112/3),¢10112))
60FORMATC* INVERSE OF X''X IN CORRELATION FORM'/
1 NCIDC(SIT12/)),¢10112))
END
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SUBROUTINE TRAN (iEND:KT:KV;IT»CC:D:E),
DIMENSION IT(5,1)»CCC(1)-D(1),EC])

DO 97sN=1,KT .

M=ITC1>NI)SI=ITC(2,N)3J= IT(3,N):K IT(4:N))L IT(S:N)JC C

IF ((I-GTuKV)oORo(JoGT.KV)fOR.(KoGToKV))

IEND=33RETUR

GO TO (152535455565 758595105115125130145155,16,17:1851

GO0.TO 97

DCID=AL'0G(D(J)I3GO TO 99
DCI)=SINCD(JII3GO TO 99
DCI1)=COS(D(J)I3 G0 TO 99
DCII=EXP(DCJII3GO TO 99
DCID=ATAN(D(J)>3GO TO 99
D(I)=D(JI*C3G0 TO 99
DCIX=DCJ)*%C3G0 TO 99
DCI)=DCJ)*DCKI3GO TO 99 -
DCI)=DCJ) /D(KISGO TO 99"
DCId=DCJ)/C3G0 TO 99

DCIX=DC(J)+D(K)>3GO TO 99
DCIY=D(J)-D(KI3GO TO 99
DCI)=DCI)+C3G0 TO 99
DCIY=C/D(J)3G0O TO 99
DCIN=ALOG12(D(JII3 GO TO 99
DCIY=DCJ)3GO TO 99
DCINI=DCII+ECK)3 GO TO 99
DCIX=ASINCD(J))»3G0O TO 99

IF (DCI).LE.C) IEND=23RETURN
L=L-1

IF (LeGT.0) I=I+IT(2,N~1)5J= J+IT(3,N-1)»K K+ITC45N-1)
3G0 TO 91

CONTINUE3 RETURN
END

TT T
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INTEGER FUNCTION LNDCI»J)
IFCCI-J).LT.®) LND=15413RETURN
LND=J+(i*I-1)/25RETURN

QaaQn

END
INTEGER FUNCTION SUBCI»J) .
C TO CALCULATE THE SUBSCRIPT OF ELEMENT ACI»,J) FOR A SY
MMETRIC :
C MATRIX STORED COLUMN BY COLUMN (UPPER TRIANGLE ONLY)
IN A ONE
C DIMEN SIONAL ARRAY
SUB=I+(J%J=J)/2
RETURN :

END
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