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1. INTRODUCTION
Let {Xi, i>1} be a sequence of independent random variable§ (r.v.)
with continuous distribution functions (d.f.) {Fi, i=21} where
Fi(x) =F(x —Aci), i21, xeE=(-», »), (1.1)
the c, are known (regression) constants (not all Qqual to 0), A 1is an
unknown parameter and the unknown d.f. F belongs to some class F of
d.f.’s. 1If all the ‘Ci are equal to 1, (1.1) reduces to the classical
location model, while, for the s not all_equal, this relates to the
so called regression model. We intend to construct (i) a confidence
interval for A having the coverage probability 1 -a and width < 2d
and (ii) a test for
Hy: A==A0(specified) VSs. HI: A =A1(specified) >A0, (1.2)
having type I and type Il errors bounded by a4 and o, respectively,
where d(>0), o;(0<ay< 1) and o,(0<a, <1) are all preassigned
numbers.
For unspecified F, for either of these problems, no fized-sample
size procedure exists, but under an asymptotic (as d+0 or as
Al ;AO<#O) set-up, a possible solution is to draw observations
sequenﬁially with respect to some appropriate stopping rules. For the
confidenée interval problem, such procedures based on the least squares
and rank order estimators are due to Chow and Robbins (1965), Gleser
(1965), Geertsema (1968), Sen and Ghosh (1971) and Ghosh and Sen (1972),
among others. For the sequential testing problem, rank based procedufes
are due to Sen and Ghosh (1974) and Ghosh and Sen (1976, 1977), among
others. TFor the location model, a sequential confidence interval bésed
on M-estimators is due to Carroll (1977}, whilé Juregkové and Sen (1980)

have studied the general regression model, both the confidence interval
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and the testing problem, under less restrictive regularity conditions.
In both these papers; the score-function (Y) [generating the M-
estimators] is assumed to be absolutely continuous and some extra
regularity conditions are needed for the asymptotic normality of the
stopping numbers.

M-estimators corresponding.to score-functions having jump-discontinuities
constitute an important class of estimators (the sample median belongs
to the same). The object of the current investigation is to study
the asymptotic theory of sequential confidence intervals and tests for
A based on M-estimators when the generating score functions have jump-
discontinuities. For the location model, Juregkové (1980) has observed
some qualitative difference in the rate of éonvergence of M-estimators
corresponding to absolutely continuous ¢ and ¥ having jump-discontinuities.
As will be seen later on , the same feature is generally true for
the regression model and analogous qualitative difference
appears in the rates of convergence of the stopping times.

Along with the preliminafy notions, the sequential confidence interval
procedure is presented in Section 2. Section 3 deals with some in-
variance principles relating to M-estimators correspondingbto Y having
jump-discontinuities and, in Section 4, thése:are incorporated in the
proofs of the main theorems of Section 2. The last section is devoted
to the study of the asympiotic theory of sequential tests for A based
on M-estimators, where, also, the results of Section 3 are utilized in

the derivation of the main results.

2. THE SEQUENTIAL CONFIDENCE INTERVAL FOR A

Based on X "Xn’ an M~estimator En of A [in (1.1)] [c.f.

1
Huber (1973}, Juregkové (1977), and others]»is a solution of
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s_(£) =I5 _jc (X ~tey) (=0), - (2.1)

where Y 1is somekscore—function. We assume that

P(x) =9, (x) +¥,(x), xeE, (2.2)
where wl is absolutely continuous on any bounded interval in E, it
possesses first and second order derivatives (¢{1) and w{z),
respectively) almost everywhere (a.e.), and wz is a step-function,
defined as follows. For some positive integer >p, assume that there
exist open-intervals Ej =(aj, aj+1), j=0,...,p with

a =-0<g <-..-<a <a =400, such that
0 1 p p+l

b0 = By for xek, 0<jsp, (2.3)
where the Bj are real numbers (not éll equal). Conventionally, we
let

wz(aj)=%—'(ej_l+aj), for j=1,...,p - (2.4)
Also, we assume that both wl, wz (and hence, ) are nondecreasing
and skew-symmetric, so that

wjbx)= 4%(x),v xeE, j=1, 2. (2.5)

The d.f. F in (1.1) is assumed to be symmetric, so that
F(x) +F(-x) =1, ¥ x€E. (2.6)

Note that by (2.5) and (2.6),

J U)j(x)dF(x) =0, j=1,2, (2.7)

-0

so that by (2.1) and (2.7),
= 2 : 2.
EASn(A) 0, V¥n21, (2.8)
where E, stands for the expectation when A holds. Further,

for every n(z1),

s (t) is Yy in teE. (2.9)
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Moreover, we assume that F possesses an absolutely continuous
probability density function (p.d.f.) f having a finite Fisher

information

1() =J {£1 () /£ 2R (x) (< ), (2.10)

- 0

where f'(x) = (d/dx)f(x). Also, we assume that

(1) vy, - J wfr)(x)dp(x) exists, for r=1, 2, (2.11)

(i1) J i (01%aF ) <, - (2.12)

and (iii) limJ {wfl)(x ‘t) - wfl)(x)}zdF(x) - 0. (2.13)
£+0

- 00

Note that (2.10) insures that Jif'(x)ldx'<w, However, we need a
slightly more stringent condition that for each j(=1,...,p), in some

neighborhood of aj, f' 1is bounded and

= TP _ T -

= zjzlcsj Bj_l) f(aj) >0, for r=1, 2. (2.14)
Finally, we assume that
0 < o2 <J W2 () F(x) < ; (2.15)
- Q0
and that as n->o,

2) 2 2 n 2
max c;|/C. + 0, where C.= ). .c. . (2.16)

[1Sk5n k n n i=1"1

Remark. If ¢ = wz (i.e., wl =0) thenlthé assumptions (2.10) -

(2.13) are not needed; in this case (2.14) and the boundedness of f{'

in some neighborhoods of the aj suffice,. Moreover, if wl is
constant outside a bounded interval [a, b] ¢ E (most of tHe functions
suggested for M-estimators are of this type), theh, for (2.11) - (2.13),

it suffices to assume that w( ) is bounded inside (a, b),
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Regarding (2.8) and (2.9), En (in (2.1)) may be formally written

as A =(3; +K;*)/2, where

n
AI’; = sup{t: S (t) >0} and A;* =inf{t: S_(t) <0}. (2.17)
Moreover, we note that by (2.8), (2.15) and (2.16),
-1 2 v
L(Cn Sn(A)) — N(O? 00) as n-o, (2.18)
9 given by (2.15) depends on the unknown distribution function F.
We shall estimate og by the sequence
2 ("2wdb ), na1 (2.19
s, = | VW )dF (x), nz . .19)
- 00 :
with
ﬁ(x)=1flyllﬂx—x -Ac.), xeEi n=1, 2 (2.20)
n i=1 i ni?’ g Pt ’

where u(t) =1 if t >0 and u(t) =0 otherwise. Finally, denote

A= sup{t: s_(t) >Cnsn1’u/2} (2.21)
/\+ .
. inf{t: Sn(t) <'CnSnTa/2} (2.22)
and ‘
: /\‘_ A4 A4 A - - .
In = (An, An), Ln = An -An (2.23)

where & 1is the standard normal d.f. and @(Ta/z) =} -%3 0<ac<l.
Notice that L 20 ¥ nz1 [by (2.9) and (2.21) - (2.22)].

The proposed sequentialrconfidence interval for A is then IN

corresponding to the stopping variable, | ‘

Ny = inf{n zn: Lnszd} (2.24)
where n, is an initial sample size (n0,22) and d>0. It follows
from (2.24) that LNd'SZd' The following fheorems give the asymptotic
properties of Nd and of INd as d+0, Define

(2.25)

=inf{nzny: dC_ 271 0 /Yy, Y =Ynf+Y21(> 0).

R |




e

Theorem 2.1, Under assumptions made above, for every (fixed) d >0,

PA(Nd‘<«0 =1, lim N,=+» a,s,, and, ag d+0,

avo ¢
ccle. =1 in probability,
n, N
a N
PA(AEIN) — 1 -q. (2.

d
Corollary 2.1. If, in addition to the hypothesis of Theorem

2,1, for some a<1l<b and every te[a,b],
. 2 2
lim C[nt]/cn = o(t) exists and is tin ¢, (2.
n-roo
then (2.26) may also be replaced by: as d+0,
n&lNd-+ 1 in probability. (2.

Note that for the location and the equispaced regression models,
(2.28) holds for p(t) =t and ts, respectively. To prove the
asymptotic distribution of the stopping variable Nd’ we need the

0 -

following assumption on the sequence {Cn} :
n=1

lim k_=k(e[l, ®»)) and 1lim max Ci/C;*“’ 2
noeo 1 n+o 1<k<n
where
2 — %, 3 3 _n 3 *% _ v 4
< =/mci/Co,  Co= Zi=1ici‘ and C " = ). ¢ - (2
Notice that Kn.Zl Vn21l,
Finaliy, we assume that
, ©, , ‘
J P (x)dF(x) <, ' ‘ (2
- 00 .

Theorem 2.2. Under (2.30), (2.32) and the assumptions of Theorem 2
1 . 1,
. 4 - - 2. 2
éig PA{nd(dCNd 8)/8 <y} =0((26/v,,) “yy/x) (2.

holds for all ye€E, where 0 =Ta/200/y and Yoo 18 defined by

(2.14).

27)

28)

29)

.30)

.31)

.32)

1,

33)
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Corollary 2.2. If, in addition to the hypothesis of Theorem 2.2,

(cr’llcm o tn-1)—8 as n e (2.34)

holds for some B, 0<B<®, whenever |(m/n) -1| <e for any {e }:

lim €, =0, then, for every yE€eE,
n>

éirg P {nd(nd g - syl = <I>((26/Y22) 28y/x) . (2.35)

The proofs of the theorems and corollaries are presented in Section 4.
It may be noted that (2.34) holds for the simple location and the
equispaced regression models with B=1 and %3 respectively; (2.30)
also holds in these cases.

The convergence properties in (2.26) - (2.29) hold without change
even if wz =0. However, Theorem 2.2 does not extend to ;he case
wz =0 (i.e. ¥ =w1): while in the case Ewl has n?[ﬁiw—l]- a
nondegenerate asymptotic distribution as d¥0 (see Jure¢kova and
Sen (1980)), in the current case, where 11)2 $0, we have nz[%_l] .
asymptotically normal as d+0. Hence, jump-discontinuities in the

score function lead to slower rates of convergence of the stopping

numbers.

3. SOME INVARIANCE PRINCIPLES
The results of this section will provide the main tool for the proofs
of Theorems 2.1 and 2.2.
Let {cni: i>0, n20} and {dni: i20, n20} (with .0 =dnO =0
v n20) beée two triangular arrays of real numbers and let {kn} be any

sequence of positive integers such that kn-+w as mn-+o and that
p2 = § a2 sp®<w vn (3.1)

and

1im{ max |c Hdnk/Z3<k n nJ} 0 (3.2) .

1<k<k
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for every r =0, 2 and s =0, 1, 2. Moreover, denote

2 2 "2 2 .2 2 _ 2 :
Cok “Lieknis Ak~ Ljknidnjs  Bnk = LjsxCnjldnj] (3.3)
for k=0, n=z=0, and write
2 2 2 _ 2 2 _.2
Gk Ma Ak’ Bn “Bok_ - (3.4)
n n n
It follows from (3.2) that
An/Bn-+ 0 and Bn/cn > 0 as n-oo, (3.5)
Let Xl’ Xz,... be i.i.d. random variables distributed according to

d.f. F and let F, y satisfy the regularity conditions of Section 2.

Consider the process

W (s, t) = {[Q

n,n(s

y (®) 'EQn,n(s)_(t)]/(Bn"Yzz)’ (s, t) € K*} (3.6)
where ‘ '
K* ={(s, t): Osssl, |t]<sks}(=[0,1]x (-k*, k*)) (3.7

. . 2
is a compact set in E ,

n(s) =max{k: %kswﬁyosssh (3.8)

Qe (8) = Tjcppy WO ~td, ) ~Y(X)], k20, t ek (3.9)

and y,, is defined in (2.14); suppose that yzé >0 (i.e., VY, $0).
Then Wn(s, t) Dbelongs to D[K*] for everyf n. The following theorem

states the weak convergence of wn to some two-parameter Gaussian

process.

Theorem 3.1. Let {Wn(s, t): (s, t)e K*} be the process defined in
(3.6) - (3.9). Then, under (3.1), (3.2) and for Y and F  satisfying
the regularity conditions of Section 2, W = converges weakly to the
Gaussian process {W(s, t): (s,t)e K*} such that W(s, t)=0

v (s, t)e K" and

EW(s, t)-W(s', t') = (sAs')eg(t, t'); ¥ (s,t),(s', t")e K* (5.10)
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where
|t] Alt!] if tet'>0 :
gt,t') = (3.11)
0 otherwise.
Proof:: Write (t) —Qni)(t) +Q( )(t) where Q( )(t) is generated

by wi according to (3.9), 1i=1, 2. Denote

i s, 0= (1l @ -8l @1/ EAY: 5, 0k (31

n,n(s
where
j W 0)ar ) -vf) (<, by (2.12)). 5.15)
Then B
W (s, t) = (0,/V7,,) /B WD (s, ¢4 W (s, ) (3.14) |

where Wﬁz) is defined by (3.6) and (3.9) with ¢ =w2. It follows from
Theorem 2.1 of Juregkové and Sen (1980) that

sup |w( ) (s, t)| = 0, ) (3.15)
(s,t)ek*

so that by (3.5), (3.11) and (3.15),

(2) P
sup |wn(s t) - W7 (s, t)l — 0 as n-—o, (3.16)
(s,t)eK*
Thus, the asymptotic behavior of wn is solely determined by Wﬁz)

‘generated by the discontinuous component wz. Hence, to prove the
theorem, it suffices to show that (a) the finite dimensional distri-
butions of Wﬁz) converge to those of W and (b) {Wﬁz)} is tight.

It follows from the definition of wz that

(2) . p - -
I Lien(sy®nilj=r By =By ) (10 <2y <Xy dy)
n' 122
- 10 -td; <y <X)]. (3.17)

where I(A) stands for the indicator function of the set A. Note that
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k k
E[TO <ay <X; +ltd ; DI7 =BIT(X; -[td | <ay<X)]" +o(fed ;)

=f(aj)|tdni| ro(ltd .|}, 121, k21, (3.18)

E[I(X, <ay <X +td ;) eI(X, <aj<xi +|trd D]

=f(aj)(|t|A|t'l)Idnil (3.19)
and
E[1(X; - |td ;] <a.j~<xi)-1(xi <ag <X +]td ;[D1=0, iz21. (3.20)
(3.18) - (3.20) imply
1im 803 s, 1) Wﬁz)(s‘, t'y= (sAs")g(t, t") (3.21)

n-rco

where g(t, t') 1is defined by (3.11); thus the limiting covariances
(2) |

n

of W coincide with those of W.

Moreover, any linear combination of {Wéz)(sr, tr): 1 <r<m} can be
expressed through (3.17) as a sum of independent random variables and

the convergence of finite dimensional distributions of Wﬁz) then

follows from- the classical central limit theorem.
To prove the tightness of {Wﬁz)}, for any pair of blocks

- | 1= B ‘ : .
B —{(sl, t), (555 tz)}, B {(sz, tl)* (53,.t2)} such that S, <S, <Sg,

‘and tl'< t2, consider the increments

WD @) w5, 1) WP (s, 1) WP s 1) w1
| : (3.22)
with Wﬁz)(B') defined analogously. It follows from (3.18) - (3.20)

TIE’E{[wﬁz)(s)]z[wéz)(B')]z} SK[A(B_UB')]2 (3.23)

n—>o
where A(A) denotes the Lebesque measure of A and K is a finite

positive constant, independent of (sl, Sy 53, tl’ tz). Analogous
inequality holds for increments in B ={(sl, tl), (52, tz)},

. (2)
2), (52’ ts)}, t <ty <tg, The tightness of {wn } then
follows from the results of Bickel and Wichura (1971). Theorem 3.1

B',={(51’ t
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is proved.

Corollary 3.1, Let

() +yt I c_.d.1/B Y (3.24)

Wi (s, ) = [Q
i<n(s)

n,n(s)
where, Y=Yy *Yy 18 given by (2.11) and (2.14), i.e.,

RENe p
Y —J D eoareo + 15, (85 -85 ECRy). (3.25)

— 00

Then, under the assumptions of Theorem 3.1, the process {W;(s, t):

(s, t) eK*} comverges weakly to the process W = {W(s,t):(s,t) € K* }.

Proof. (3.24) follows from (3.1) - (3.3) and from (3.5).

Corollary 3.2. Let Bn be the M-estimator defined by (2.17) with the

sequenze {Cn}:=1 satisfying (2.30). Then, under VY, $0, it holds

"N

c (8 -

1 ¢on -4

- — ). WX, -Ac,) =0 . : 3.26
¥, ZJ=1CJW( 3 J) P(n ) ( )
Remark.1l.If" ¥, =0, the order on the right-hand side of (3.26) is

1 ) v, .
Op(n 5y, as it follows from Jureckova and Sen (1980) .

Theorem 3.2. Let Xl’ X2,... be i.4.d. random variables distributed

according to d.f. F. Suppose that F and V satisfy the regularity

conditions of Section 2. Then, wnder (2.1) -(2.5) and (2.10) -(2.16),

sup{|Mnk(t) +tCkY|: k<n and |t <k} 20 (3.27)
as n -+, where ‘
-1
M () = (05 os IVOX - tCTey) ~ (XD 1I/(00Ch) (3.28)
and LI Cn’ o, are all defined as in Section 2.

proof. Let By be the g-field generated by {Xi, i<k}, k=21 and

BO be the trivial o-field. Then, for every nz2z1, {(Mnk(t) -

EMﬁP(t)’ -k* <t sk*),ﬁBk; k <n} is a martingale (process), so that
I\
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© su M.(t) -EM ()| >¢e, B,; ksn]| 3.29
{_k*st"sk*'nk” (O] >e, By } (3.29)

is a nonnegative submartingale, Therefore, by the Kolmogorov inequality

(for submartingales), for every € >0,

P{su sup |M_, (t) -EM_ (t)| >e}
ken - k*stsk*l nk nk

IA

1
—~E{ su M (t) -EM__(t) ]} 3.30
- _k*stpsk*l rm( ) rm( )| ( )

Regarding the monotonicity of ¢, the supremum on the right-hand side

of (3.30) could be approximated by a supremum over a finite set of

points and it follows from the assumptions that lim E|Mnn(t) —EMnn(t)l =0
-0 '

uniformly in  [-k*, k*]. Finally, the éxpectation term EMnn(t) may

be replaced by -tyC similarly as in Corollary 3.1. Q.E.D.

k

To prove the Theorem 2.2 of Section 2, we shall still need the

following result concerning the error of the approximation of og by

2
s s
n
Lemma 3.1. Let si be defined by (2.19) with the sequence {cn}§=1
satisfying (2.30); let for any T, 0<T<w,
| ‘ 2 .2
n; =max{k: Cy sTCn}. (3.31)
Then
1 : g
max n2|(52 —02) -(502 —02)|—1a+ 0 as n->w (3.32)
k 70 k 0
n <k<n :
> T
holds for any € >0,
2.1 rf V20X, - Ac, ) (3.33)
n n . 1 i’ ' :
i=1
Remark.2. Note that by the Kintchine lawof large numbers,
502-+ 62 a.s. as n-—-w, ' (3.34)

n 0
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Proof of Lemma 3.1. Theorem 3.2 implies

A P
max A |C2(A -0 - (/YL ep(X, -Ac )| —> 0 (3.35)
C_'"k 7k i=1717 01 i
n _<ksn,., n
€ T
1 , L
as n->«, The sequence {?E; ziskciw(xi —Aci). kSrﬁ} is tight by

Donsker theorem and thus it follows from (3.35) that for every €2>0
and 7 >0 there exist an n, and &(> 0) such that

P{ max |Cn(8€ -ﬁn)l >¢} <n for mnzn,. (3.36)
n. < <n
1-6 1+6

Moreover, by the same technique as in the proof of (3.27), we obtain

that
sup{lM;k(t)l: k<n, |tl Skf}-g+ 0, as- n—>o, (3.37)
where
v oe) =0T, WA, -ac,) VR X, - (A+Clt)e)] (3.38)
nk i<k i i i n i’ :

Lemma then follows from (3.36) and (3.37).

Remark .5. It follows from Theorem 3.1 that, if S >0 and t, -t £0,
[Wn(s,tz) -wn(s, tl)]/w/5|t2 -t £ (3.39) -

where E  has the standard normal distribution. Under some assumptions,
(3.39) extends to the case when ty, t,, S are replaced by sequences
of random variables. More precisely, if Sp» t,p» t o are random
variables such that
p .
P -
s, —— s(e(0, 1)) and ‘tnl tn2| — 1(>0) (3.40)

for some constants s and T, then
: [wn(sn’ tn2) —Wn(sn’ tnl)]/ Snlth _tnll 2 & (3.41)

We shall recall to this result in the next section.
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4. PROOFS OF THEOREMS 2.1 AND 2.2

Proof of Theorem 2.1

For any fixed d >0 and any A, by (2.24),

PAmd>m=pdlm>m, Vmeﬁb,nﬂ

sPA(Ln >2d) =PA(CnLn >2an) . “4.1)
Now, it follows from (2.21) - (2.23), Theorem 3.2 and Lemma 3.1, that
LGy B> 20 = 21 00/y as n>e, (4.2)

while, by (2.16), 1lim 2dC == and thus lim P (N, >n) =0.

n-»oo n>oo

Moreover, it follows from the definition (2.24) of Nd that Nd is ¥
in d(>0); this together with the fact that Ln.>0 with probability 1
implies that N,->® a.s. as d+0.

d
To prove (2.26), define néé), i=1, 2, by

n D Cpax{k: e+l 3, i=1, 2 4.3)
de k nd
where ny is defined by (2.25). Then
-1 : (2)
P(C_"Cy > 1+e) =P(N,2n;""}y
ny Nd d de
< >2d) =P{C L . 22dC 4.4
<P gy 229 { NOINOM ncz)_l} (4.4)
de de de de

where by (4.2), C 5y L (5 P, 26 as d+v0, while by (2.25) and
nde -1 nd€ -1

(4.3), 2dC (2) — 20(1 +€) > 20. Hence, (4.4) converges to 0 as
n; -1 ‘
de
d+0. Similarly, P(CQICN <1 -€)—>0 as d+0. This proves (2.26).
d d

By virtue of Theorem 3.2, Lemma 3.1, (2.21) and (2.26), it follows

that

(A7 -A) +8 < x}=®(§;h'er (4.5)

lim P, {C,
Ny 0

avo ANy
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and

Cy Ly —= 20 as d+o. (4.6)
N
d d
Thus, (2.27) follows from (4.5) and (4.6).
To prove Corollary 2.1, we may note that (2.26) and (2.28) imply

(2.29). This completes the proof of Theorem 2.1 and Corollary 2.1.

Proof of Theorem 2.2

It follows ffom the definition of Nd’

ks 4
pA{nd(chd - 0)/6 <y} SPA{nd(LNdCNd -20)/6 <2y} 4.7)
and A
%0 4
PA{nd(dLNd_1 -9)/6 2y} SPA{nd(LNd—lCNd-l -20)/6 22y}, (4.8)
Hence, to prove (2.33), it suffices to show that as d+0,
% Lo
PA{nd(Lnand -268)/(26) £y} — ¢((2e/y22) yY/K) (4.9)
and "
max{ |n?(L_C. -L C)|:|c2/c? -1] <8} =0_(1) (4.10)
nn mm'"''m n P )
c.
~ 1 . .
Pgt Ci =S’ dni = Cn , 1<is<n. Then, regarding (3.20) and (3.21),
we have
et =/ cryed =k — k% as noow 4.11)
n’ "n n"n n
where
2 0 3
B = iZl|ci| /c, - (4.12)

It follows from Corollary 3.1 and from Remark 3 that

e 0 - ey —hix; MENY -yci

1
L{(B“d 22) e d d d d

(4.13)
© By virtue of Lemma 3.1, (2.21) —(2.22), (2.25), (4.11) and (4.12), we
see that (4.13) implies (4.9). Moreover, (4.10) follows frqm Lemma
3.1 and from the tightness property of the process W;(s, t) in

(3.24). Finally, (2.34) along with (2.33) ensures (2.35). Hence the

Lnd)}-+N(O, 20) .
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proof of Theorem 2.2 and Corollary 2.2 is complete.

5. SEQUENTIAL TEST FOR A BASED ON M-ESTIMATORS
Consider again the single regression model (1.1) and the testing
problem of (1.2). Without loss of generality, we may take

HO: A =0 wvs. le A=8>0, § specified. (5.1)

-Along the same lines as in Jureckovd and Sen (1980); we consider the

following sequential test. Define si as in (2.19), Ln as in (2.33)

and put

A

S =ann/2Ta/2(J°——» v=0,/y by (4.2)). (5.2)

Let 04 and 0, be the prescribed probabilities of the errors of the

type I and type II, respectively, O'<oc1 *a, <1l. Let A and B be two
o 1-o

- 2 <B<1<Acx
"% , %

b =1logB (so that b<0<a). We start with an initial sample of size

numbers such that 0< <o and put a =1logA,

ny =n0(6) and continue sampling as long as
A l A
bsn\)n <68n(§-6)< a sV - (5.3)

Thus, the.stopping number N(=N(§)) 1is défined by
- . 8¢ (L, 5
N@)—myﬂnznow).Gﬁﬁidh%%ﬁ%)¢(b,@} (5.4)

and we stop sampling when N(§) observations. are made with the

acceptance or rejection of H_ according as

0

s A
GSN(6)(§J/(SNvad) is b or =a. (5.5)

Juretkova and Sen (1980) studied the properties of the test in the
case of an absolutely continuous function, i.e., when ¢ = wl‘ They
proved that the testing procedure terminates with probability 1 and

derived the limiting OC function as & +0.
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Unlike in the case of sequential confidence interval, it could be
shown that the presence of jump-discontinuities of the score function
does not change the limiting OC function of the sequential test
(excepting the contribution of Yo1 in vy). The proofs of (i) the
finiteness of the sequential procedure and (ii) Theorem 5.1 of
Juregkové and Sen (1980) readily extend to the case of =¢1 +w2
when the theorems of Section 3 of the current paper are incorporated.

Hence, we omit the details.
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