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Abstract: Berk and Jones (1979) introduced a goodness of fit test statis-
tic Ry, which is the supremum of pointwise likelihood ratio tests for testing
Hy : F(z) = Fo(x) versus Hy : F(xz) # Fy(z). They showed that their sta-
tistic does not always converge almost surely to a constant under alternatives
F, and, in fact that there exists an alternative distribution function F' such
Ry —¢ sup;s o N(t)/t where N is a standard Poisson process on [0, 00). We
call the particular distribution function F' which leads to this limiting Pois-
son behavior the Poisson boundary distribution function for R,. We investi-
gate Poisson boundaries for weighted Kolmogorov statistics Dy, (¢) for various
weight functions 1 and comment briefly on the history of results concerning
Bahadur efficiency of these statistics. One result of note is that the logarith-
mically weighted Kolmogorov statistic of Groeneboom and Shorack (1981) has
the same Poisson boundary as the statistic of Berk and Jones (1979).

1. Introduction
Suppose that X;,..., X, areii.d. F' on R and we want to test the null hypothesis
H: F(z) = Fy(x) for all x € R
where Fj is continuous, versus the alternative hypothesis
K : F(z) # Fy(x) for some z € R.
As usual, we can reduce to the case when Fj is the Uniform(0, 1) distribution on

[0,1]; i.e. Fy(z) =z for 0 <z < 1.
Berk and Joned (1979) introduced the test statistic Ry, which is defined as

R, = sup K(Fn(x),FO(a:)), (1.1)
where
1_
K(m,y):xlogf—f—(l—x)logl x, (1.2)
y _

and F,, is the empirical distribution functions of the X;’s, given by

1 n
Fn(z) = ” Z lix; <al- (1.3)
i=1
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Define
K(z,y), O<y<zxz<l,
K*(z,y) =1 0, 0<z<y<l,, (1.4)
0, otherwise
and

K(z,y), 0<z<y<l,
K™ (z,y) =14 0, 0<y<az<l,
00, otherwise.

Berk and Jones also studied the one-sided statistics R, and R;, defined by

R = supK+(Fn(ac),x), R, =sup K~ (]Fn(x),x)
x x

Berk and_Jones (IJ_ELZE)I) discussed the optimality properties of the statistics R,
and R,,. They showed, in particular, that they have greater Bahadur efficiency than
the corresponding Kolmogorov statistics. Berk and Jones (IJ_9_7_9) also extended this
comparison to weighted Kolmogorov statistics via the results of Abrahamsonl ).
In view of the results of Groeneboom and Shorack (1981), these comparisons are
trivial for any weight funtion v of the form (z) = [x(1 — z)]~° for any positive b
since Groeneboom and Shorack show that the limiting efficacy of the weighted Kol-
mogorov statistics with power function weighting is in fact zero for any alternative
for which the efficacy makes sense. Moreover, as we show here the efficacies of the
weighted Kolmogorov statistics are not well-defined (and the Bahadur efficiency
comparison is not meaningful) for fixed alternatives at or beyond certain “Poisson
boundaries” which we describe below. Thus it seems to us that the assertion by
(1995), at the end of his section 1, that the statistics of Berk and Jones (1979)
have “increased efficiency over any weighted Kolmogorov—Smirnov method at any
alternative distribution” is an over-interpretation of the results of
(1979).

ellner and Koltchinskii 200
of the Berk-Jones statistic, and |O g Computes exact quantiles under the
null distribution for finite n; see also Owen ). Using these quantiles, Owen
constructed confidence bands for F' by 1nvert1ng the Berk and Jones test, and
then calculates the power associated with the Berk-Jones test statistic for fixed

alternatives of the form F(z) = Fy(z)*. See LIager and Wellner (2004) for some
)

corrections of the results of .

One of the interesting results for the statistic R, proved in Berk and .Jones
(@) is the following limit behavior under a rather extreme alternative distribu-
tion.

Theorem 1 (Berk and Jones (1979)). Suppose that Xi,..., X, are i.i.d. with
distribution function F given by

1
F = 0 1 d 0<b< 1. 1.5
(x) T+ log(i/n)’ <z< an <b< (1.5)
Then
N(t) ¢ 1
R — ==
"doie £ U
(t) a 1
R,— sup — = —
d O<t<poo t U
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where N is a standard Poisson process on [0,00) and U is a Uniform|0,1] random
variable.

Because of the Poisson nature of the limiting distribution in Theorem 1, we call
the corresponding alternative distribution function F' a “Poisson boundary” for the

test statistic R,. The fact that sup,.oN(t)/t < 1/U follows from results of [Pyke
), page 571, and elementary manipulations, or, alternatively from the classical
result of Danield (1947) that

P(sup Gn(t)/th) =1/x for x>1
0<t<1

where G,, is the empirical distribution function of n i.i.d. Uniform(0,1) random

variables (see e.g. ShQragk and Well eﬂ (I_M ), page 404) together with the Poisson
convergence results of [Wellner
For alternatives F' that are “less extreme than the F' given in Theorem 1,

Berk and Jones (1979) give sufficient conditions under which following more usual
or “expected” behavior holds:

R} — sup KT (F(z),x), and R, — sup K (F(z),x).
a.s. T a.s. T

Some questions related to this type of result are discussed further in Section 4.
Our main purpose here is to note that the phenomena of a Poisson boundary

is not unique to the Berk—Jones statistic R,,, but that in fact this type of behavior

holds for a general class of “weighted” type statistics. Indeed we will show that the

Poisson boundary for the weighted Kolmogorov statistics is a much less extreme

alternative than the Poisson boundary distribution function F' (given in (I5))) found

by Berk and Jones (1979) for their statistic.

2. “Poisson boundaries” for weighted Kolmogorov statistics

Consider the family of weighted Kolmogorov—Smirnov statistics given by

Fn(z) — |
D,b)= sup ————— 2.6
n(®) 0<x§1 (z(1 —x))b 26)
where F,, is the empirical distribution function of the X;’s and 0 < b < 1. The
asymptotic behavior of D,,(b) under the null hypothesis H is well-known: for 0 <
b<1/2

|U()
n1/2Dn(b) - oS{ltlgl =)

where U is a standard Brownian bridge process, while for 1/2 < b <1

nlfbDn(b) ? max{ sup L](t)b_ t|, sup L](t) — 1 }

0<t<oo t 0<t<oo tb

where N and N are independent standard Poisson processes. The case 0 < b < 1/2

follows from |Chibisovl (1964) and |Q’Reilly (1974); see e.g. [Shorack and Wellnet

) pages 461-466, or Csorgd and Horvath (IM Theorem 3.2, page 217. The

case 1/2 < b < 1 follows from [Masorl m see also [Csorgd and Horvatb 1993
H)

Theorem 1.2, page 265. When b = 1/2 the limit behavior is due to
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and [Eicker (1979), which in turn rely on the classical results of Darling and Erdés
(1956):

ban/2D,,(b) — cn - E!

where b,, = (2loglogn)/?, ¢, = 2loglogn + (1/2)logloglogn — (1/2) log(4r), and
P(E? < z) = exp(—4e%); see e.g. Shorack and Wellner (1986), page 600.

Our goal here is to prove the following theorems concerning particular fixed
alternative hypotheses.

Theorem 2. Suppose that X1, Xo,...,X, are i.i.d. F where F(z) = 2® for 0 <
x < 1. Then

Dr(b) — sup N 4

— 2.7
d o<t<oo T U 27)

where U ~ Uniform(0,1).

Theorem 2 does not cover the interesting special case b = 1. For b = 1 we have
the following (more special) result.

Theorem 2A. Suppose that ¢ > 1 and that X1, Xs,..., X, are i.i.d. F' where

0, —oo < x <0,
F(z) =<} cu, 0<z<1/c,
1, 1/e <z < 0.

Then

Dn(1)7<c sup @—1)\/0 4 (c%—l)\/c =Y,

0<t<oo

where U ~ Uniform(0,1) and

0, z < c,
P(chx)_{l—c/(x—l—l), x>ec.

(2.8)

Theorems 2 and 2A do not cover the case of (very light) logarithmic weights
which are of interest because of their connection to the results of Groeneboom
and Shorack [1981. These authors showed that with ¢ = 1o where ¢q(z) =
—log(z(1 — x)), the ¢-weighted Kolmogorov statistics

Dn(¢) = sup |Fu(z) — F(x)l¢(z),  Dy(y) = sup (Fu(z) — F(2))p(z) (2.9)

0<z<1 0<z<1

have non-trivial large deviation behavior under the null hypothesis and hence have
non-trivial Bahadur slopes as long as

Dn(¥) —as d,F),  Dy(¥) —as d* (1), F) (2.10)

respectively under the alternative hypothesis F'. Thus it is of interest to determine
under what conditions (for what F’s) (2.10) holds. A step in this direction is to find
the Poisson boundary for D,,(12). As it turns out, D, (¢2) has the same Poisson
boundary distribution function as the Berk-Jones statistic R,,.
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Theorem 2B. Let F be the distribution function given by (LD). If X1,..., X, are
i.i.d. F, then

N(t) ¢ 1
DF — = =
e g S
N(t) ¢ 1

D, — = =
W2) 2 5 T

where N is a standard Poisson process and U ~ Uniform(0,1).

An alternative test statistic, R,,, which we have called the reversed Berk-Jones

statistic in Jager and Wellner (2004), is defined by

R, = sup K(Fo(x),Fn(x)) (2.11)
X(1)§$<X(n)

where X1y and X, are the first and last order statistics, respectively.

The motivation behind this statistic comes from examination of the functions
K(Fo(z), F(z)) and K(F(x),Fo(x)), for an alternative distribution function F'.
When F is stochastically smaller than Fj, we expect the Berk-Jones test to be
more powerful than the reversed Berk-Jones statistic, since sup,, K (F(x), Fy(x)) >
sup, K(Fy(z), F(x)) in this case. However, in the case where F' is stochastically
larger than Fy, we have sup, K (F(z), Fo(x)) < sup, K(Fo(z), F(z)), and so we
expect the reversed statistic to be more powerful.

We do not yet know if R, has a “Poisson boundary”. The question is: does there
exist an alternative distribution function F' such that when sampling from F' we
have

R, — g(N)

d
for some functional g of a (standard?) Poisson process N?

Before giving the proofs we state two results that will be used repeatedly in
the proofs: the weighted Glivenko-Cantelli theorem of [Lai (@) (see also @YEI
) and|Shorack and Wellner (1986), page 410), and bounds for the sup of ratios
iven by Wellner (1978) and Berk and .Jones (1979) (see also [Shorack and Wellner
ﬁ@), Inequality 10.3.2, pages 415 and 416) that will be used several times in the
proofs. Let Gy (t) = n™t 31 110.4y(&) where &1, ..., &y, ... are i.i.d. Uniform(0,1)

random variables, and let I be the identity function on [0, 1].

Theorem W-GC (1974); Wellner (19774)). Suppose that 1 is positive
n (0,1), decreasing on (0,1/2], and symmetric about 1/2. Then

1
limsup [[(G,, — D] = { go @5 according as / w(t)dt{ f >
o =

oo a.s. 00.

Theorem (Ratio bounds). (Wellner (1978), Berk and Jones (1979)). For all

z>1and0<e<1

P < sup Gn(®) > x) < { exp(—neh(z)) (2.12)

e<t<1 1 exp(—nKt(ex,€))

and

P< sup > x> < { exp(=neh(1/x)) (2.13)

t
e<t<1 Gy (2) exp(—nK*(1 —¢/z,1—¢))
where h(z) = z(logx — 1) + 1 and where K is as defined in (L4).
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Now we provide proofs for Theorems 2, 2A, and 2B.
Proof of Theorem 2. Let 0 < o < 1. We write

|Fn(2) — 2|
D,b) = sup ————
O =2 Ga —m))b
n - n -
|Fn(z) — |Fn(z) — x|
= sup sup T \\h
z:F(z)<n—® (QC(]. - CL‘) \/ z)>n—o ( (1 - x))b
Fn(z) —x |Fn(z) — |
= sup sup
z:F(z)<n—« F(l‘)(l F 1/b b \/ (z)>n—« F( )( ( )1/b)b
= D)\ DY ().
Now
DM (b) - sup
z:F(z)<n—o (f)
oy [Ea@) =l vy @)
z:F(z)<n— F( )(1 ( )1/b)b z:F(x)<n— F( )
Fo(z) —x x —TFp(x)
= sup sup
z:F(z)<n—® F( )(1 - ( l/b b \/ F(z)<n—« F( )( F(x)l/b)b
—  sup
z:F(z)<n—« F(l‘)
< sup sup
z:F(x)<n— F( )(1 _F(l‘)l/b)b z:F(x)<n— F( )
X
+ sup
z:F(z)<n—« F(l‘)(l - F(x)l/b)b
< sup - sSup
z:F(z)<n— F( )(1 _F(x)l/b)b z:F(z)<n—® F(l‘)
X
2 -
* z:xil;lzrja/b T (1 x)b
< sup +o(1
oo [F@(A = F@ 7P~ ) |

e TRl

wiF(@)<n—o | F(x) \(1—-2
(= 1) | +ow

()
< sup F sup
z:F(z)<n—« F(l‘) z:F(z)<n—«

< 0,(1)o(1) +o(1) = 0, (1),
On the other hand,

sup — DM (b)
z:F(x)<n—< F(l‘) "
F F —
= sup n(@) _ sup [Fn () — 2|

z:F(z)<n— F( ) z:F(x)<n— F( )( ( )1/b)b

N P ——ey
z:F(z)<n—« xb(l - x)b
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since
wp  — [Fu@) ==
w:F(z)<n—o F(z)(1 = F(z)/?)b
> sup F.(z) —x
T wF(@)<n—o F(z)(1 = F(z)!/P)b
> Fn(x) X
> sup - sup N Ea——
z:F(z)<n— F(J,‘ ( - F(x)l/b)b z:F(x)<n— xb(l - x)b
> sup —o(1
z:F(z)<n—% F(i[:) ( )
Concerning D'?) (b) we have
Fp(z) — |
DA () = sup [En
O = R F@) - F@)Y
|Fn(z) — F(z)|
< sup
z:F(z)>n— F( )( (x)l/b)
b oy @ -s
wiF(@)>n—o F(x)(1 — F(x)1/%)b
|Fn(z) — F(z)]
< sup
zn~*<F(x)<1/2 F( )(1 - F(x)l/b)b
|Fn(z) — F(2)]
+ sup +1
z:1/2<F(z)<1 F(z)(1 - (33)1 b)b
1 |Fn(z) — F(2)]
< sup LA Al
(1- (1/2)1/b)b zn—o<F(x)<1/2 F(J?)
F - F
vy oy EB@-F@L

z:1/2<F(z)<1 (1- F(ﬁ)l/b)
o(1)+o(1)+1

almost surely by Lemma 4.3 of |Berk and Joned (1979) for the first term, and by
the weighted Glivenko—Cantelli Theorem W-GC for the second term since

1 1
| = =0 = b0 - ) < o0

for b € (0,1). Hence it follows that limsup,, . DY (b) <1 almost surely. Putting
all this together with the fact that

Fn(2) (1) a

sup — sup — =1/U
z:F(z)<n—« F(l‘) d o<t<oo t /

finishes the proof of Theorem 2. O

Proof of Theorem 2A. Since F, 4 G (F) where G,, is the empirical distribution
function of i.i.d. Uniform(0, 1) random variables &1, ..., &,, we can write
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sup

[1— 2|

1/c<z<1 QC(]. - CL‘)

Ve

i [GuFE) —a]
o<a<1t (1 —2)
oy [Galen) =l
0<z<1l/c QC(]. - CL‘)

— swp InG.,(t/n —t/c|

0<t<n (t/C)(l—t/ cn)
_ N(t) — t/C|\/
d 0<t<oo t C
= (c sup
0<t<oco

e

since ¢ > 1 and since the process {nGy,(t/n) :
the standard Poisson process N in a topology that makes the weighted supremum
functional in the last display continuous; see e.g. [Wellnen (1977b), Theorem 7,
page 1007. Computation of the distribution of Y, is straightforward. (Note that
this distribution has a jump at ¢ of height 1/(1 + ¢).)

Proof of Theorem 2B. Let 0 < a < 1. We write

Dn(d)2)

We first deal with DY (12). Note that

D) (1)5)

<

IN

IN

sup |IF —x|1/)2(x)
0<z<1
sup ‘Fn(x) — a|pe(a) \/ sup
z:F(z)<n— z:F(zx)>n—<
sup ‘Fn(x) — :c|1/)2(x) \/ sup
z:F(z)<n—« z:F(x)>n—
DM (4ha) \/ D) (¢h2).
sup ‘Fn x) — x‘wg(a:)
z:F(z)>n—«
sup  |Fp(z) — F(x)]2()
z:F(x)>n—
+  sup x) — :c|1/)2(x)
z:F(x)>n—
|Fn(z) — F ()]
sup ————F(x)Ya2(x
zn—o<F(z)<1/2 F(z) U
|Fn(z) — F(2)]
+ sup — (1 -
r1je Byt (= P
vy [Fal) = F@)
zn—o<F(z)<1/2 F(J?)
|[Fn(z) — F(z)|
+ sup +1
2:1/2<F(2)<1 (1- F(x))3/4

o(1)+o(1)+1

NTt)—>\/1\/C

(c%—l) \ c=Y.

0 < t < n} converges weakly to

O

—x|1/)2(x)
—x|1/)2(x)

F(2))* 42 () + 1
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almost surely by Lemma 4.3 of Berk and Jones (1979) or|Wellner (1978) for the first
term, and Theorem W-GC for the second term. Here we also used 9o(z)F(z) <1
for 0 <z <1/2 and (1 — F(m))3/4w2(x) <lforl/2<z<1.

To handle Dy(Ll)(T/JQ), note that

DRt - er(il;En—a ?((;))

= o %F@)% (z) - e ]P;m((j))
T eren-e %F (@) sup %QZ)(%)F(%)%(%)

S 0O

e F(a)<n—o F(T)

<o R aw 8 aw s
S|, RO e | o
< o B (Pne) - 1)+ o)
= Pl o E;;L((xx)) e F(x)pa(z) — 1’ +0(1)

< 0,(1)o(1) + o(1) = 0,(1).

On the other hand,

su F"_(m) _ (1)
I:F(a:)<pn—a F(q}) n (11)2)
L [Fa(r) — ]

= sup — sup
z:F(z)<n— F(l‘) z:F(z)<n— F(x)

< sup  zp(x) =o(1)

F(x)is(x)

z:F(z)<n—«
since
|Fn(z) — |
sup  ————~—F(z)z(x)
z:F(x)<n—o F(l‘)
F.(z) —x

> sup  ————F(2)is(2)

:F(x)<n— F(J,‘
> sup Fn(z)

F(z)Y2(z) —  sup  xiha(z)

- z:F(x)<n— F({E) z:F(x)<n—
> sup (1 —-0(1)) —o(1).
z:F(x)<n—< F(l‘)

Combining these pieces as in the proof of Theorem 2 completes the proof for D,,(¢2).
The proof for D (1)) is similar (and easier). O
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3. A consistency result

Theorems 2, 2A, 2B suggest that we might expect classical behavior for the weighted
Kolmogorov statistics under fixed alternatives F' sufficiently “inside” their respec-
tive Poisson boundaries. Here are two of the expected consistency results. They are,
in fact, corollaries the weighted Glivenko—Cantelli Theorem W-GC in Section 2, or
of general Glivenko—Cantelli theory (see e.g. [Dudley (1999) or Vaart and Wellner
1996).

Theorem 3. Suppose that X1, Xa,... are i.4.d. F on [0,1] and 0 < b < 1.
() If E[(X(1 - X)) < o0, then
|Fn(z) — | |F(z) —=
D,(b)= sup ——F—— —,s sup ———— =d(b, F) < oo.
O)= 2 oy o 22, -y 1O F)
(ii) If E[(X(1 — X))7%] = oo, then limsup,,_, ., D, (b) = +0c0 a.s.

Theorem 3B. Suppose that X1,Xo,... are ii.d. F on [0,1] and ¥a(x) =

—log(z(1 — x)).
(i) If E[¢2(X)] < o0, then

D, (¢) = sup |Fp(x) — x|h2(x) —as. sup |F(z) — z|th2(z) = d(vha, F) < 0.
O<x<1 o<zl

(ii) If E[2(X)] = oo then limsup,,_, ., Dy (th2) = +00 almost surely.
Proof of Theorem 3. Note that

[Fy(x) — F(z)|
[Dn(b) =d(b, F)| < sup =o A

= sup

0<z<1 z(1 —x))°
ey [Ba) =l
o<u<t (F7H(uw)(1 = F~1(u)))®
i
if
/1 ! du < 0o (3.14)
o (FHu)(1—F~1(u)))P '

by Theorem W-GC, or by part A, of[Wellner (19774) and remark 1 on page 475. But

(B.14) holds if and only if the stated hypothesis holds by the fact that F~1(U) 4

X ~ FforU~U(0,1). O

Remark 1. Note that for the “Poisson boundary” distribution function F(z) =

for D, (b)

1 b1 1
E[(X(l—X))_b]:/O (x(ﬁT))bdm:b/{) ﬁdmzoo,

so the hypothesis of Theorem 3 part (i) (just) fails. On the other hand, if F(x) = «°
with b < ¢ < 1, then

cxc! 1

so the hypothesis of Theorem 3(i) holds and D,,(b) —4.s. d(b, F).
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Remark 2. Note that for the “Poisson boundary” distribution function F(z) =
(1 +log(1/z))~? for the statistic D, (12),

1 1 1
Brlval) = [ 1og (m(l = x)) (1 T log(1/a)) " =

so the hypothesis of Theorem 3B part (i) (just) fails.

4. Further problems

Here is a partial list of open problems in connection with the statistics discussed
here and in|Jager and Wellner (2004).

Question 1. What are the theorems corresponding to Theorem 3 in the case of
R, and R,,? In other words, for exactly which alternative distribution functions F
does it hold that

Ry —as. SupK(F(J?), FO(J:)) = T(F; FO)? (415)

For exactly which alternative distribution functions F' does it hold that

R, —q.s. sup K (Fy(z), F(z)) = 7#(F, Fy) ? (4.16)

Question 2. For alternative distribution functions F' such that (£I5]) holds, can
we obtain useful approximations to the power of R,, via limit theorems for

Vn(Ry —r(F, Fy))
along the lines of [Raghavachari (1973)? Similarly for F’s for which (€I6) holds

for R,?

Question 3. [Donoho and Jin (2004) consider testing Hy : F' = N(0,1) = ® versus
Hy: F=(1-¢N(0,1)+eN(u,1) where ¢, = n% and p = p,, = /2rlogn for
8> 1/2 and r > 0. They show that a natural “detection boundary” is given by

com [ B—1)2, 1/2< B <3/4
r(ﬁ)_{(l—s/l—b’){ 3/4<B<1.

How do the statistics Ry, Ry, and K, (1/2) compare along the “detection boundary”
of Donoho and Jinl (2004) Note that [Donoho_and Jinl (2004) find that D, (1/2) and
R,, have quite comparable power behavior for their testing problem, but they show
that D, (1/2) has better power in the region r > r*(8) and 3/4 < 8 < 1.

Question 4. What is the limiting null distribution of R,?

References

Abrahamson, I. (1967). Exact Bahadur efficiencies for the Kolmogorov—Smirnov
and Kuiper one- and two- sample statistics. Ann. Math. Statist. 38, 1475-1490.
MR214192

Berk, R. H. and Jones, D. H. (1979). Goodness-of-fit test statistics that dom-
inate the Kolmogorov statistics. Zeitschrift fiir Wahrscheinlichkeitstheorie und
Verwandte Gebiete 47, 47-59.


http://www.ams.org/mathscinet-getitem?mr=214192

330 L. Jager and J. A. Wellner

Chibisov, D. M. (1964). Some theorems on the limiting behavior of empirical dis-
tribution functions. Selected Transl. Math. Statist. Prob. 6, 147-156.

Csorgds, M. and Horvéth, L. (1993). Weighted Approximations in Probability and
Statistics. Wiley, New York.

Daniels, H. E. (1945). The statistical theory of the strength of bundles of thread.
Proc. Roy. Soc. London Ser. A 183, 405-435. MR12388

Darling, D. A. and Erdés, P. (1956). A limit theorem for the maximum of normalized
sums of independent random variables. Duke Math. J. 23, 143-155.MR74712

Donoho, D. and Jin, J. (2004). Higher criticism for detecting sparse heterogeneous
mixtures. Technical Report 2002-12, Department of Statistics, Stanford Univer-
sity. Ann. Statist. 32, to appear.

Dudley, R. M. (1999). Uniform Central Limit Theorems. Cambridge University
Press, Cambridge.

Eicker, F. (1979). The asymptotic distribution of the suprema of the standardized
empirical process. Ann. Statist. 7, 116-138. MR515688

Groeneboom, P. and Shorack, G. R. (1981). Large deviations of goodness of fit
statistics and linear combinations of order statistics. Ann. Probab. 9, 971-987.
MR632970

Jaeschke, D. (1979). The asymptotic distribution of the supremum of the stan-
dardized empirical distibution function on subintervals. Ann. Statist. 7, 108—-115.
MR515687

Jager, L. and Wellner, J. A. (2004). A new goodness of fit test: the reversed
Berk-Jones statistic. Technical Report 443, Department of Statistics, Uni-
versity of Washington. http://www.stat.washington.edu/www/research/reports/
2004 /tr443.ps.

Lai, T. L. (1974). Convergence rates in the strong law of large number for random
variables taking values in Banach spaces. Bull. Inst. Math. Acad. Sinica 2, 67-85.
MR358901

Mason, David M. (1983). The asymptotic distribution of weighted empirical distri-
bution functions. Stochastic Process. Appl. 15, 99-109. MR694539

Mason, D. M. and Schuenemeyer, J. H. (1983). A modified Kolmogorov—Smirnov
test sensitive to tail alternatives. Ann. Statist. 11, 933-946. MR707943

Noé, M. (1972). The calculation of distributions of two-sided Kolmogorov—Smirnov
type statistics. Annals of Mathematical Statistics 43, 58—64. MR300379

O’Reilly, N. (1974). On the weak convergence of empirical processes in sup-norm
metrics. Ann. Probabilty 2, 642—651. [IMR383486

Owen, A. B. (1995). Nonparametric likelihood confidence bands for a distribu-
tion function. Journal of the American Statistical Association 90, 516-521.
MR1340504

Owen, A. B. (2001). Empirical Likelihood. Chapman and Hall/CRC, Boca Raton.


http://www.ams.org/mathscinet-getitem?mr=12388
http://www.ams.org/mathscinet-getitem?mr=74712
http://www.ams.org/mathscinet-getitem?mr=515688
http://www.ams.org/mathscinet-getitem?mr=632970
http://www.ams.org/mathscinet-getitem?mr=515687
http://www.ams.org/mathscinet-getitem?mr=358901
http://www.ams.org/mathscinet-getitem?mr=694539
http://www.ams.org/mathscinet-getitem?mr=707943
http://www.ams.org/mathscinet-getitem?mr=300379
http://www.ams.org/mathscinet-getitem?mr=383486
http://www.ams.org/mathscinet-getitem?mr=1340504

On the “Poisson boundaries” of the family of weighted Kolmogorov statistics 331

Pyke, R. (1959). The supremum and infimum of the Poisson process. Ann. Math.
Statist. 30, 568-576. MR107315

Raghavachari, M. (1973). Limiting distributions of Kolmogorov—Smirnov statistics
under the alternative. Ann. Statist 1, 67-73. MR346976

Shorack, G. R. and Wellner, J. A. (1986). Empirical Processes. Wiley, New York.

van der Vaart, A. W. and Wellner, J. A. (1996). Weak Convergence and Empirical
Processes. Springer-Verlag, New York.

Wellner, J. A. (1977a). A Glivenko-Cantelli theorem and strong laws of large num-
bers for functions of order statistics. Ann. Statist. 5, 473-480. MRA51528

Wellner, J. A. (1977b). Distributions related to linear bounds for the empirical
distribution function. Ann. Statist. 5, 1003—-1016. MR458673

Wellner, J. A. (1978). Limit theorems for the ratio of the empirical distribution
function to the true distribution function. Z. Wahrsch. verw. Geb. 45, 73-88.
MR651392

Wellner, J. A. and Koltchinskii, V. (2003). A note on the asymptotic distribution
of Berk-Jones type statistics under the null hypothesis. High Dimensional Prob-
ability III, 321-332. Birkh&user, Basel (2003). MR2033896


http://www.ams.org/mathscinet-getitem?mr=107315
http://www.ams.org/mathscinet-getitem?mr=346976
http://www.ams.org/mathscinet-getitem?mr=651528
http://www.ams.org/mathscinet-getitem?mr=458673
http://www.ams.org/mathscinet-getitem?mr=651392
http://www.ams.org/mathscinet-getitem?mr=2033896

	Introduction
	``Poisson boundaries'' for weighted Kolmogorov statistics
	A consistency result
	Further problems

