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Abstract: We obtain an asymptotic expansion for the null distribution
function of the gradient statistic for testing composite null hypotheses
in the presence of nuisance parameters. The expansion is derived using
a Bayesian route based on the shrinkage argument described in [10]. Us-
ing this expansion, we propose a Bartlett-type corrected gradient statistic
with chi-square distribution up to an error of order o(n~1) under the null
hypothesis. Further, we also use the expansion to modify the percentage
points of the large sample reference chi-square distribution. Monte Carlo
simulation experiments and various examples are presented and discussed.

Keywords and phrases: Asymptotic expansion, Bartlett-type correction,
Bayesian route, gradient test, shrinkage argument.

Received November 2012.

Contents

1 Introduction. . . . . . . .. ... L 43
2 Mainresults . . . . . . .. 45
3 The one-parameter case . . . . . . .. ... 48
4 Models with two orthogonal parameters . . . . . ... ... ... ... 50
5 Discussion . . . . ... 54
Acknowledgments . . . . .. ... 55
Appendix 1 . . . . . . L 55
Appendix 2 . . . . L. e 59
References . . . . . . . o L e 59

1. Introduction

The most common statistical tests of a composite null hypothesis for large sam-
ples are the likelihood ratio [29], the Wald [28], and the Rao score [23] tests.
These tests are widely used in areas such as economics, biology, and engineering,
among others, since exact tests are not always available. An alternative test uses
the gradient statistic recently proposed by [25]. An advantage of the gradient
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statistic over the Wald and the score statistics is that it does not involve knowl-
edge of the information matrix, neither expected nor observed. Additionally,
the gradient statistic is quite simple to be computed. This has been emphasised
by C.R. Rao [24], who wrote: ‘The suggestion by Terrell is attractive as it is
simple to compute. It would be of interest to investigate the performance of the
[gradient] statistic’.

Let z1,...,z, be a random sample of size n with each x; having prob-
ability density function f(-;0), which depends on a p-dimensional vector of
unknown parameters 6 = (61,...,0,)". Let £(0) = n=1 3" log f(x;;0) and
U(0) = 00(6)/00 be the log-likelihood function and the score vector, respec-
tively; notice that, for convenience, both are divided by n. We wish to test
the null hypothesis Hg : 81 = 01y against the two-sided alternative hypothesis
He : 01 # 610, where 1 is a fixed g-dimensional vector, 61 = (61,. .. ,Hq)T and
0> = (0441,---,0,) . The partition in @ induces the corresponding partition in
U0):U(6) = (U1(0)T,Ux(0)7)7. Let 6 = (01,0,)T and 6 = (619, 60:)T be the
unrestricted and the restricted (under Ho) maximum likelihood estimators of
0 =(6],0])", respectively. The gradient statistic for testing H is defined as

S=nU()"(0-0). (1)

It can also be expressed as S = nU; (ON)T(OAl — 619), since Uy(8) = 0. Like the
likelihood ratio, the Wald, and the score statistics, the gradient statistic has an
asymptotic xg distribution under the null hypothesis, ¢ being the number of
restrictions imposed by H.

Although the gradient statistic was derived by [25] from the score and the
Wald statistics, it is of a different nature. The score statistic measures the
squared length of the score vector evaluated at Ho using the metric given by the
inverse of the Fisher information matrix, whereas the Wald statistic gives the
squared distance between the unrestricted and the restricted maximum likeli-
hood estimators of @ using the metric given by the Fisher information matrix.
Moreover, both are quadratic forms. The gradient statistic, on the other hand,
is not a quadratic form and measures the distance between the unrestricted and
the restricted maximum likelihood estimators of 8 from a different perspective.
It measures the orthogonal projection of the score vector at Ho on the vector
0 — 0. Unlike the score statistic and like the Wald statistic, the gradient statis-
tic is not invariant under reparameterization of the model that preserves the
parameter of interest.

Recently, the gradient test has been the subject of some research papers. In
particular, [19] obtained the local power of the gradient test under Pitman alter-
natives (a sequence of alternative hypotheses converging to the null hypothesis
at the rate of n=1/2); see also [20]. The authors compared the local power of the
gradient test with those of the likelihood ratio, the Wald, and the score tests.
They showed that none of the tests is uniformly more powerful than the others,
and therefore, the gradient test is not only very simple to be calculated but it
is also competitive with the others in terms of local power. Comparison among
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the local power of the classic tests and the gradient test in regression models
can be found in [17, 18].

The main result in [19] regarding the local power of the gradient test up to
an error of order o(nfl/ 2) represents the first step in the study of higher-order
asymptotic properties of the gradient test. In the present paper, we wish to
go further by focusing on deriving the second-order approximation to the null
distribution of the gradient statistic. In other words, our aim is to obtain an
asymptotic expansion for the cumulative distribution function of the gradient
statistic under the null hypothesis up to an error of order o(n=1!).

The usual route for deriving expansions for the distribution of asymptotic
chi-square test statistics involves multivariate Edgeworth series expansions. Al-
though such a route has been followed by many authors, it is extremely lengthy
and tedious; see, for example, [12, 11]. Here, on the other hand, in order to
derive an asymptotic expansion for the null distribution of the gradient statistic
up to order n~!, we follow a Bayesian route based on a shrinkage argument orig-
inally suggested by [10] and described later in [21]. Although it uses a Bayesian
approach, this technique can be used to solve frequentist problems, such as the
derivation of Bartlett corrections and tail probabilities [9].

Additionally, we obtain a Bartlett-type correction factor for the gradient
statistic from the results in [6]. Under the null hypothesis, the corrected statistic
is distributed as chi-square up to an error of order o(n 1), while the uncorrected
gradient statistic has a chi-square distribution up to an error of order o(n='/2);
that is, the Bartlett-type correction factor makes the approximation error be
reduced from o(n~'/?) to o(n~'). For a detailed survey on Bartlett and Bartlett-
type corrections, the reader is referred to [7].

The paper unfolds as follows. In Section 2, we present our main results,
namely an asymptotic expansion for the cumulative distribution function of
the gradient statistic and its Bartlett-type correction. In Sections 3 and 4, we
particularise our general results to one-parameter families and to families with
two orthogonal parameters, respectively. Monte Carlo simulation experiments
are also presented in Section 4. Section 5 closes the paper with a brief discussion.
Technical details are collected in two appendices.

2. Main results

First, let us introduce some notation. Let D; = 9/90; (j = 1,...,p) be the dif-
ferential operator. We define U; = D;((0),U;, = D;D,{(0),U,,s = D;D,Ds((80),
and Ujrsy = DjD, DD, 0(6). We make the same assumptions, such as the regu-
larity of the first four derivatives of £(0) with respect to 8 and the existence and
uniqueness of the maximum likelihood estimator of 8, as those fully outlined

by [12]. Let &) = E(Ujr), &jrs = E(Ujrs), Kjrsu = EUjrsa), K52 = Dakijy,
fi(iu) = DyDyk;r, and Agif?s = Dykjrs. Note that all the ks are or order O(1).

Further, let K be the per observation Fisher information matrix

K = —((kj)) = [Ei Ej ’
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with K~! = —((s’")) denoting its inverse. Finally, define the matrices
: 0 o0 :
A= ((a) = i, M=(m")=K'-A
@n=l0 k] ((m7)

In what follows, we use the Einstein summation convention, where E/ denotes
summation over all components of 8; that is, the indices j, 7, s, k, [ and u range
over 1 to p. We now establish the following theorem.

Theorem 1. An asymptotic expansion for the null distribution of the gradient
statistic for testing Ho : 01 = 019 against Hy : 01 # 019 is

PI(S < 2) = Gyl) + 51 O RiGigaila) +o(n ™), (2)

where G, (x) is the cumulative distribution function of a chi-square random vari-
able with z degrees of freedom, Ry = 3A3 —2As+ Ay, Ry = As —3A3, Rz = As,
Ry = —(Rl + Rs + Rg),

A =3 Z/ KjrsRklu {mjral"(mSk + 2a5k) + a"m e + 2mjka”a5"}
—12 Z/ ngi)n,(;;) (/{Sj/irkﬂl" +a¥a™* " + gFRY T 4 aSkaljam)
6 Z/ fijrsﬂl(;;){(asu B Klsu) (ijkﬂl'r - ajkalr) T (askalu 4 Ksklilu)
+ 2a"* (/{jknl" - ajkal") + 2arkalsmj"}
+6 ZI /ijrsumjrasu -6 Z/ Agﬁi{mﬁ (LLS" — AS“) + 2mj“a”}

+12 ZI n?;” (Iijrﬂsu — achLs”),

/ . ) )
Ay =-3 E ﬁjrsnklu{mJTmSkal” + mI" gk mle 4 omIkm gy
1 gr, sk, lu Jjk,rl, _su
+ 1 (3m m>m'™ + 2m"m"m )
/ . . .
+6 E Kjrslig;) {msu (,k;-]k,k;lr _ a]kalr) 4 miT (IiSklilu _ askalu)}

/ . / .
u
+6 E mg-rlm”msu -3 E Kjrsum’ m®",

1 ’ . .
Az = 1 Z Kjrskkiu (3m”m5kml“ + 2m3km”m5").
Proof. The proof is presented in Appendix 1. O

Basically, in order to prove Theorem 1, we follow a Bayesian route based on
a shrinkage argument. This argument is described in Appendix 2.

If the null hypothesis is simple, we have ¢ = p, A = 0 and M = K.
Therefore, an immediate consequence of Theorem 1 is the following corollary.
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Corollary 1. An asymptotic expansion for the null distribution of the gradient
statistic for testing Ho : @ = 0y against H, : 0 # 0y is given by (2) with ¢ = p,
Ry =345 — 245+ Ay, Ry = Ay —3As, Ry = A3, Ry = —(R1 + R2 + R3) and
the A’s are

/ . .
Ay =12 5 Ii;i)ﬂl(;;) (KRR + kP )
li . .
+6 5 Iijrsli;;;) (lisun]kmlr + AJTnSknl”)

/ . . / .
+ 122 R RIT S 62 m§ﬁlﬁjrm5“,

3 ’ . .
Ay = 1 E K jrsFkiu (3/{3T/£Sk/£l" + 2/&’%”/{5“)
/ . .
—6 E Kjrslig;) (Ksuﬁ]kﬁlr + K]rﬁskﬁlu)

/ /
(u) _jr su Jr , .su
+6 E Kjpst’ K™ =3 E Kjrsuk’ K7,

1 I . .
Az = ~1 E KjrsKklu (3/@”/1*/11“ + 2/{3]“/1”/@5").

We are now able to present a Bartlett-type corrected gradient statistic. A
Bartlett-type correction is a multiplying factor, which depends on the statistic
itself, that results in a modified statistic that follows a chi-square distribution
with approximation error of order less than n~!. Cordeiro and Ferrari [6] ob-
tained a general formula for a Bartlett-type correction for a wide class of statis-
tics that have a chi-square distribution asymptotically. A special case is when
the cumulative distribution function of the statistic can be written as (2), inde-
pendently of the coefficients Ry, R2, and R3. Hence, from Theorem 1 and the
results in [6], we have the following corollary.

Corollary 2. The modified statistic

5*=5{1—(c+bS+aS?}, (3)
where
o= As . Ay — 245 C_A1—A2+A3
- 12ng(q+2)(g+4)’ T 12ng(q+2)’ - 12nq

has a Xg distribution up to an error of order o(n=') under the null hypothesis.

The factor {1 — (¢ + bS + aS?)} in (3) can be regarded as a Bartlett-type
correction factor for the gradient statistic in such a way that the null distri-
bution of S* is better approximated by the reference x? distribution than the
distribution of the uncorrected gradient statistic.

Instead of modifying the test statistic as in (3), we may modify the reference
x? distribution using the inverse expansion formula in [13]. To be specific, let
v be the desired level of the test, and z1_, be the 1 — 7 percentile of the
x? limiting distribution of the test statistic. From expansion (2), we have the
following corollary.
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Corollary 3. An asymptotic expansion for the 1 — v percentile of S takes the
form

oyt ﬁ (mi?’;—M{xfﬂ +(@+4)z1y+ (¢ +2)(q+4)}
T1y(T1 +q+2)
alq+2)
+o(n™),

Zl—y = 21

L1 —ry

(A2 — 3A3) + (3A3 — 245 + Al) (4)

where Pr(x2 > x1-) = 7.

In general, equations (3) and (4) depend on unknown parameters. In this
case, we can replace these unknown parameters by their maximum likelihood
estimates obtained under Hy. It should be noticed that the improved gradient
test of the null hypothesis Hy may be performed in three ways: (i) by referring
the corrected statistic S* in (3) to the x2 distribution; (i) by referring the
gradient statistic S to the approximate cumulative distribution function (2);
(iii) by comparing S with the modified upper percentile in (4). These three
procedures are equivalent to order n=!.

Finally, the three moments, up to order n~! under the null hypothesis, of the

gradient statistic are presented in the following corollary.

Corollary 4. The mean, the variance, and the third central moment, up to
order n=1 under the null hypothesis, of the gradient statistic are

A1 Al +A2
/ p— —_— pu— —_—
ul(S)—q+12n, p2(S) = 2q + 3
2A; + 24, + A
p3(S) = 8q + (A +24, + 3),

n
respectively.

In the next sections, we consider some applications of the general results
derived in this section in two special cases: a one-parameter model and a two-
parameter model under orthogonality of parameters.

3. The one-parameter case

We initially assume that the model is indexed by a scalar unknown parameter,
say ¢. The interest lies in testing the null hypothesis Hy : ¢ = ¢o against
Ha @ ¢ # ¢o, where ¢ is a fixed value. Let rgp = E(0%4(4)/00?), Kppp =

B(0°0(6)/06°), Kosss = EOU(S)/00%), Ky = Oros/00, ki, = Oross/ 00,
and Iigbﬁfb) = 0%kype/00°. The gradient statistic for testing Ho is S = nU(¢0)(qAS—

¢0), where (E is the maximum likelihood estimator of ¢. Here, A1, Ao, and Aj
given in Corollary 1 reduce to

_ 6/1¢¢(2/€g2;¢) — I{E;Z))¢) + 12/1;(12(Ii¢¢¢ — 2/151:2))

3
Koo

1

: (5)



Gradient statistic 49

. o
120552550, = BRooss) + Boss(5sss — 16r7)

A2 - 3 ) (6)
4,‘%(;5
5r2
Ay = b 7
Koo

We now present some examples.
Example 1. (Exponential distribution)

Let z1,...,z, be arandom sample of an exponential distribution with density
1
fx:0) = 56‘”‘% x>0, ¢>0.

Here, kpp = —0 72, Kppe = 4073, and Kepppe = —18¢%. The gradient statistic
assumes the form S = n(Z — ¢o)?/¢3, where z = n=' 3" | x;, which equals the
score statistic. It is easy to see that A; = 0, Ay = 18, and A3 = 20. The first
three moments (up to order n=!) of S are p}(S) = 1, pa(S) = 2 + 6/n, and
w3(S) = 8 + 112/n. A partial verification of our results can be accomplished
by comparing the exact moments of S with the approximate moments given
above. Since nX has a gamma distribution with parameters n and 1/(n¢), it
can be shown that the first three exact moments of S are 1, 2 4+ 6/n, and
8 +112/n + 120/n?, respectively. These moments differ from the approximate
moments obtained from Corollary 4 only in terms of order less than n~!. The
Bartlett-type corrected gradient statistic obtained from Corollary 3 is S* =
S{1—(3—115+25?)/(18n)}.

Example 2. (One-parameter exponential family)

Let z1,...,z, be arandom sample of size n in which each x; has a distribution
in the one-parameter exponential family with density

@:0) = g exp{—a(@)d(a) + (@)}

where a(-), v(:), d(-), and £(-) are known functions. Also, a(:) and () are
assumed to have first three continuous derivatives, with £(-) > 0, &/(¢), and
B'(¢) being different from zero for all ¢ in the parameter space, where 5(¢) =
E'(d)/(&(P) (@)). Here, primes denote derivatives with respect to ¢. For in-
stance, 8 = ['(¢) = dB(¢)/d¢. It can be shown that key = —a'f, Kppe =
(2" + ' "), and Keppps = —3a” " — 3’5" — o/ 5. The gradient statistic
takes the form S = n(¢o—d)a’ (o) (B(¢o)+d), where d = n= 27 d(z;). From
(5), (6), and (7), we can write

B 6 ﬂ” 2 0//[3” BW
Al—a/—ﬁf{2(ﬁ) T ‘7}’

B 3 ﬂ” 40" ﬂ” o 2 ﬂ” 2 o' ﬂ///
A= l?( ‘47)*3{(?) +(W) }‘(7‘7”’
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5 o ﬂ” 2
t= o (4 0)

We now present some special cases.
1. Normal (¢ >0, p € R, z € R):

o 1 known: o(6) = 1/(2), £(¢) = 62, d(z) = (z — 1%, and v(z) =
—log(2m)/2. We have A; = 0, A2 = 36, and A3 = 40. The first three
moments of S up to order n=t are p}(S) = 1, pu2(S) = 2(1 + 6/n),
and p3(S) = 8(1+29/n). The Bartlett-corrected gradient statistic is
S* = S5{1—(1-118/3+25%/3)/(3n)}.

o & known: alu) = —p/d, £() = exp(s?/2), d(z) = 7, and v(z) =
—22/2 — log(27¢)/2. Here, A} = Ay = A3 = 0, as expected.

2. Inverse normal (¢ > 0, u > 0, z > 0):

o 1 known: a(6) = 6, £8) = 1/6V2, d(x) = (z — u)2/(2u%z), and
v(z) = —log(2ma?)/2. Here, Ay = 24, Ay = 30, and Az = 10, and
the three first moments of S are p}(S) =1+ 2/n, pu2(S) =2+ 18/n,
and p3(S) = 8 + 188/n. The Bartlett-corrected gradient statistic
takes the form S* = S{1 — (S +2)(S +3)/(18n)}.

o ¢ known: a(p) = ¢/(24°), £(¢) = exp(—¢/p), d(x) = z, and v(z) =
—¢/(22%) + log(272?)/2. We have A; = 0 and Ay = Az = 45u/¢.
The first three approximate moments of S are uf(S) = 1, p2(S) =
24154/ (ng), and ps(S) = 8+ 270u/(ng). Also, S* = S{1 — uS(S —
5)/(4n@)}.

3. Truncated extreme value (¢ > 0, x > 0): a(¢p) = 1/¢, {(¢P) = ¢, d(z) =
exp (z) — 1, and v(z) = z. We have Ay =0, Ay =12, A3 = 20, p}(S) =1,
pa(S) = 2+4/n, p3(S) = 8+88/n, and S* = S{1—(12—155+252)/(18n)}.

4. Pareto (¢ > 0, k > 0, k known, = > k): a(¢) = 1+ ¢, £(¢) = (¢k?) 71,
and v(z) = 0. Here, A1 = 12, Ay = 15, A3 = 5, p4(S) = 1 + 1/n,
u2(S) =24+9/n, pz(S) =8+94/n,and S* = S{1—(S+2)(S+3)/(36n)}.

5. Power (6 > 0, ¢ > 0, 6 known, 2 > 0): a(¢) =1 — ¢, £(¢) = ¢~ 16%, and
v(xz) = 0. The A’s, the first three approximate moments, and the Bartlett-
type corrected statistic coincide with those obtained for the Pareto distri-
bution.

6. Laplace (0 > 0, k € R, k known, z € R): a(f) = 671, ((0) = 20, d(x) =
|z — k|, and v(z) = 0. We have Ay = 0, Ay = 18, A3 = 20, pj(S) = 1,
pa(S) = 2+6/n, p3(S) = 8+112/n, and S* = S{1-(3—115+252)/(18n)}.

4. Models with two orthogonal parameters

The two-parameter families of distributions under orthogonality of the param-
eters [8], say ¢ and S, will be the subject of this section. The null hypothesis
under test is Ho : ¢ = ¢o, where ¢g is a fixed value, and S acts as a nuisance
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parameter. The orthogonality between ¢ and [ leads to considerable simpli-
fication in the formulas of Ay, A, and As. Here, rkgppp = E(0%((0)/0B0?),

Iifbi)ﬁ = Okggp/00, etc. After some algebra, we have

5K 50
Ay = Ap + Argp, Ay = Agy + Aogp, Az = — 13 (8)
Koo

where A1 and Asg are equal to A; and A, given in (5) and (6), respectively,
and

5 é 5 é
Aoy = 3{4rg0prL) + roap (4K — Koso) } +_6(“¢¢ﬂ6 — 265 — 26{0),)
168 =
“3&@5“,33 KeopKpp
5 p
+_3{2ﬁ¢¢6(2ﬁ23 — kpsp) + igss (2657 — Bhss) }
Kool ’
3(3Kaporess + Koys)
Aggp = :

“iqﬁﬁﬁ
The expressions for Ai4s and Asgg in (8) can be regarded as the additional
contribution introduced in the expansion of the cumulative distribution function

of the gradient statistic owing to the fact that g is unknown and has to be
estimated from the data. In the following, we present some examples.

Example 3. (Normal distribution)

Let x1,...,2, be a random sample from a normal distribution N (¢, 8). The
gradient statistic for testing Ho : ¢ = ¢ can be written in the form

Tyt

—p—2
1+T0T, !

where Ty = n(Z — ¢o)?, To = > i (z; — %)%, and T = n~' Y1 | x;. Under the
null hypothesis, 71 /8 and Ty /3 are independent with distributions x? and x2_,,
respectively. It can be shown that n~'S has a beta distribution with parameters
1/2 and (n—1)/2. The first three exact moments of S are 1, 2(n—1)/(n+2), and
8(n—1)(n—2)/{(n+2)(n+4)}, respectively. Here, A} = Az = 0 and Ay = —18.
The first three approximate moments of S are p/(S) = 1, p2(S) = 2 — 6/n,
and p3(S) = 8 — 72/n. These moments differ from the exact moments only by
terms of order less than n~'. The Bartlett-type corrected gradient statistic is

S*=5{1-(3-195)/(2n)}.
Example 4. (Two-parameter Birnbaum—Saunders distribution)

The two-parameter Birnbaum—Saunders distribution was proposed by [3] and
has cumulative distribution function in the form G(z) = ®(v), with = > 0,
where v = ¢~ 'p(z/B), p(z) = 2/2 — 271/2, and ®(-) is the standard normal
cumulative distribution function; ¢ > 0 and 8 > 0 are the shape and scale
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parameters, respectively. We wish to test Ho : ¢ = ¢y against the alternative
hypothesis H, : ¢ # ¢, where ¢¢ is a known positive constant. The gradient
statistic to test Hg is

S = 7n(¢_3¢0){§+7’“— 2+¢3)},
@
where § = (nf) L 20 @i, 7 = Bn Y7 27!, and B is the maximum likeli-
hood estimator of 8 obtained under Hy. We have rgy = —2/¢?, Ky = 0, and
ks = —{1 + ¢(2m)"V/2h(9)}/(¢78%), where h(e) = ¢(m/2)"/? — me/ {1 —

®(2/¢)}. After some algebra, we obtain Ay = —3, Agy = 69/8, Asgp =
—45(2+ ¢%)/[2{1 + ¢(2m) 1 /2h(9)}], A5 = 125/8, and

9-156%/2 3(2 + ¢?) (44 ¢%)h(¢)
Aor = T3S em172(9) {1+¢<2w>1/2h<¢>}2{2(”¢2>‘ PN }

Since the necessary quantities to obtain the A’s were derived, a Bartlett-corrected
gradient statistic may be obtained from Corollary 2. It is interesting to note
that the A’s do not depend on the unknown scale parameter 3. Next, we shall
present a small Monte Carlo simulation regarding the test of the null hypothesis
7‘[0 : gf) =1.

The simulations were performed by setting = 1 and sample sizes ranging
from 5 to 22 observations. All results are based on 10,000 replications. The size
distortions (i.e. estimated minus nominal sizes) for the 5% nominal level of the
gradient test and its Bartlett-corrected version for different sample sizes are
plotted in Figure 1(a). It is clear from this figure that the Bartlett-corrected
test displays smaller size distortions than the original gradient test.

Next, we set n = 10 and consider the first-order approximation (x? distribu-
tion) for the distribution of the gradient statistic and the expansion obtained in
this paper. Figure 1(b) presents the curves. The difference between the curves

0.0 +

-0.5 -

-1.0

Size distortions
1N
o
I
P(S<x)

-2.0

-25 -

-3.0 4

T T T T T T T T T T T
5 10 15 20 0 1 2 3 4 5 6

Sample sizes X

Fic 1. (a) Size distortion of the gradient test (solid) and the Bartlett-corrected gradient test
(dashes), (b) first-order approzimation (solid) and expansion to order n~' (dashes) of the null
cumulative distribution function of the gradient statistic; Birnbaum—Saunders distribution.
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is evident from this figure, and hence, the x? distribution may not be a good
approximation for the null distribution of the gradient statistic in testing the
null hypothesis Ho : ¢ = 1 for the two-parameter Birnbaum—Saunders model if
the sample is small.

Example 5. (Gamma distribution)

Let z1,...,x, be a random sample from a gamma distribution with mean
B and coefficient of variation ¢'/2. Here, we consider the problem of testing
the null hypothesis Ho : (8,¢) = (Bo, o), where Sy and ¢g are fixed positive
values. Note that the null hypothesis is simple, and the A’s can be obtained
from Corollary 1 with ¢ = p = 2. After some algebra, we obtain

18 3
A = 6(d1 —do +d3 — 2d4), Ay = E =+ Z(dl + 2do + 4d3 — 11d4),
20 1
A3 = — — =(9d; — 6ds + 5d
3 p 4( 1 2 + 5dy),

where dy = 1/[¢(1—¢0")], da = (1+62")/[p(1—61)2], ds = (2= %) /(1 -
o)), and dy = (1+ ¢26")2/[6(1 — o/)?], with ¥ = v¥(9) = T'(9)/T(9),
I'(¢) = dI(¢)/dé, ¥/ = dib/de, ¢ = d2/de?, and v = d*/dg?, and T(-)
represents the gamma function.

We now present results from a simulation study with 10,000 replications.
The null hypothesis is Hg : 8 = ¢ = 1. Note that Hy means that the data
come from an exponential distribution with unity mean. Figure 2(a) presents
a plot of size distortions for the 10% nominal level of the gradient test and its
Bartlett-corrected version for different sample sizes. It can be noticed that the
gradient test is oversized and its corrected version is clearly less size distorted.

Finally, we set n = 10 and plot the first-order and the second-order ap-
proximations for the distribution of the gradient statistic. Visual inspection of

(@)

Size distortions
P(S<x)

.
-1 -
.

10 15 20 25 30 35 0 2 4 [ 8 10

Sample sizes X

Fic 2. (a) Size distortion of the gradient test (solid) and the Bartlett-corrected gradient test
(dashes), (b) first-order approzimation (solid) and expansion to order n~' (dashes) of the
null cumulative distribution function of the gradient statistic; gamma distribution.
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Figure 2(b) reveals that the first-order x3 approximation can be inaccurate in
small samples.

5. Discussion

Lemonte and Ferrari [19] showed that the gradient test can be an interesting
alternative to the classic large-sample tests, namely the likelihood ratio, the
Wald, and the Rao score tests, since none is uniformly superior to the others in
terms of second-order local power. Additionally, as remarked before, the gradi-
ent statistic does not require one to obtain, estimate, or invert an information
matrix, unlike the Wald and the Rao score statistics. Its formal simplicity is
always an attraction.

The exact null distribution of the gradient statistic is usually unknown and
the test relies upon an asymptotic approximation. The chi-square distribution is
used as a large-sample approximation to the true null distribution of this statis-
tic. However, for small sample sizes, the chi-square distribution may be a poor
approximation to the true null distribution; that is, the asymptotic approxima-
tion may deliver inaccurate inference. In order to overcome this shortcoming,
an alternative strategy is to use a higher-order asymptotic theory.

The asymptotic expansion up to order n~! for the null distribution function
of the gradient statistic was derived in this paper. A Bayesian route based on the
shrinkage argument [10, 21] proved to be extremely useful in this context. The
expansion is very general in the sense that the null hypothesis can be composite
in the presence of nuisance parameters. We show that the coefficients which
define this expansion depend on the joint cumulants of log likelihood derivatives
for the full data. Unfortunately, these coefficients are very difficult to interpret in
generality. It can be used to investigate how closely the asymptotic distribution
approximates the (unknown) true distribution of the gradient statistic.

Cordeiro and Ferrari [6] showed that, quite generally, continuous statistics
having a chi-square distribution asymptotically can be modified by a suitable
correction term that makes the modified statistic have chi-square distribution
to order n~!. Their work can be viewed as an extension of Bartlett corrections
to the likelihood ratio statistic [16] to other statistics having a chi-square dis-
tribution asymptotically. The correction term comes from the coefficients of the
O(n™!) term in the expansion of the cumulative distribution function of the
test statistic in such a way that it becomes better approximated by the refer-
ence chi-square distribution. It is known as the Bartlett-type correction. It is
well known that Bartlett and Bartlett-type corrections have become a widely
used method for improving the large-sample chi-square approximation to the
null distribution of the likelihood ratio and Rao score statistics, respectively. In
recent years there has been a renewed interest in Bartlett factors and several
papers have been published giving expressions for computing these corrections
for special models. Some references are [30, 14, 26, 27, 1, 15], and [22].

From the general expansion derived in this paper and using results in [6], we
also obtained a Bartlett-type correction factor for the gradient statistic. The
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advantage of the corrected statistic over its uncorrected counterpart it that it is
better approximated by the chi-square distribution. Unfortunately, the corrected
gradient statistic is more difficult to obtain. Our results are very general and not
tied to special classes of models. They allow the parameter vector to be multidi-
mensional and are valid regardless of whether nuisance parameters are present
or not. Additionally, as the coefficients in the expansion, and consequently in
the Bartlett-type correction factor, are written as functions of cumulants of
log-likelihood derivatives, they can be obtained for all the classes of parametric
models for which those cumulants can be determined. Therefore, applications of
our general results in several parametric models, such as the generalised linear
models and extensions, can be studied in future research.
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Appendix 1
Proof of Theorem 1

Except when indicated, the indices j, r, s, u, v, and w range over 1 to p
and the indices j’, 7/, s, u/, v/, and w’ range over 1 to ¢. Also, an array
index repeated as both a superscript and a subscript indicates an implied
summation over the appropriate range. Let \j, = —¢;, = —{D;D,.£(0)},_5.
VYjrs = {D;DD(0)}p_g, Vjrsu = {DjDrDsDyL(0)},_g, etc. The matrix
A = ((\jr)) is the observed information matrix evaluated at 6. The partition of
0 = (6],0))" induces the partitions

A—((AJ—T»—[A“ A} A= (V7)) =

All A12
Ao Ag { ] ’

A21 A22

where A~ is the inverse of A. Let A1 ™" = (Ayyrj)), 097 = A= X% Ay ;0 AT,
797 = X Ay 0D = St [3), )\;}Z,S,u, — 7AW [3), and )\;?Z’S’u’v’wl =
AT\ V' [15] where [-] denotes a summation with the number in brackets
indicating the number of terms obtained by permutation of indices. For instance,

oSUaV 3] = oSUoY + oo 4 oo, Let € = (e1,...,¢4) | =n/2(0; — 6,),
1 .t 3 Y ’ ’
YD = gyrarrerd? 2, WD), , < 77 7e0

; L vw ii’ _rr’ _ss’ _uu
\Ij;lz,s,“l - ﬂ {1/}jrsu to (2¢jrs¢uvw + 31/}jrv1/}suw)} R A i s

Lemma 1. An asymptotic expansion under the null hypothesis for the gradient
statistic (1) is

_ 4
S = ETAll 16 — i\IJ(?)/ /ejleTles/ - (\I/(Z/l)/ Ia)t
Jr's n J'rostu

N

+op(nh).

— \115'/7)"/5' \117&1/)) €4/ €pr€g/ €qyt
(9)
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Proof. Using a procedure analogous to that of [5], the result holds

O
Let m = (@) be a prior density for 8, n; = D;n(0), mj, = D;D,n(0)
7= W(G)v %j = Wj(e)v Tjr = WJT(B)v
% Y !’
\Ijgi)" = { o= (2w]rswuvw + 3¢]suwrvw) su)vw} T ,
W _ g, Ty @ _g® ~ A\ sujg

- \I/j/ + ?JT” 3 J 2 \IJJ It %(U)jrsﬂ'u + szuﬂ'r)o' T 3

ng)“/s Iyt = \11(4)

u - / ’ /
Girsu! + 6_A1/er57—Jj A e e
™

From [10], [4] derive an expansion up to order n~! for the marginal posterior
density of €, which takes the form

7-‘—post(e) = ¢q( All) |:1 + T(F(/)EJ + 1—‘5 Z S/Ej/ET/ESI)

+ E{FE/Z/ (ej/ET/ - )‘j,rl) + FE/Z/s/u (ej/ET/es'fu’ - /\S'lz/s’u )
3)

3 2 —1
’S’\Ili(l«’z)’w’ (ejler/es/eu/ey/ew/ — Ag"z’s’u’v’w’) }:| + o(n ),

(10)

where ¢q(z;3) denotes the density of the g-variate normal distribution with
mean 0 and covariance matrix ¥

We now follow the Bayesian route described in [21]; see Appendix 2
Step 1. The approximate posterior characteristic function of S is

M (t) = Bx{exp(£S))} = / exp(ES)Tpost (€)de,

where ¢ = it with i = (—=1)"/2. From Lemma 1 and after some algebra, we can
write

All
XP(ES)Tpost(€) = (1 - 26) "0, < 1——2§> ’

1 3 1
{309 + T )

1 3) 5(3) 1 2 (2)
+ - [§\I/jlr/sl\l/u/v/w/ 5(1_35) €/ €1 €57 Eqyt €yl €y _)\] 7/ s’ u' v’ w

—[efawih g + 0 (308 — 4wy T eerenen
+ l"g»?z, (ej€r — )\j/rl) —r, AW }

Glrls’u! Njlrls!u!

+op(nh).




Gradient statistic 57

Now, by writing £ = —3(1—-2)+3, €2 = 1(1-2¢)? - 1(1-2¢) + 1, and
assuming that 6 is in the interior of the support of m, we obtain after some
algebra

A@@zu—wﬂﬂ%+%§mm—xw}ﬂumm (1)
1=0

where Hy = —(Hy + Ha + H3),

1y = S0 WD A+ TN
A {200 = 00, 00) + S0 T
o= =200, D, A
W, {r;%,z,s,u, o, ), ) 2\115?2,5,r<1,)} ,
Hy = 20®, 0@, )&

8 g'r's’ Tulv'w! Nl s'u v w!

Step 2. Let () be an auxiliary prior density for 6 satisfying the conditions
in [2]. We now obtain an approximate posterior characteristic function of S
under the prior 7(-), say Mz(t). From (11), we have

3

Z (1 —28)" } +o,(n71),

=0

3|'—‘

<m@—a—%q“{

where H; denotes the counterpart of H; obtained by replacing 7(-) with 7(-).
After some algebra, we have

3
1
A(0) = Eg(Mz) = (1 —26)79/2 ~ (1—2¢) -1
(6) = Eo(Mz) = (1 - 2¢) { n; €)” }+0(n ),
where Jo = —(J; + Jo + J3),
T 1 T, Su, VW jw, TV, SW T, SU
J = 3—2/<;jrsf$uvw(9m] m*™m” + 6m’“m"'m )+ Z“J’Tsum] m

1 . 1 .
+ 1 KjroRsuwa’™ (m”msu [3]) + 3 KjrsKuowa’™ (m?"m>*[3])

4 T 2 T

3 . = 1 . (7 1
+ _ersm]rmsu@ 4 _m]r{h 4 _’ijrsuasu
T 2
_|_i(2/§ K —|—3I£' K )( su vw[3])+ﬁ . su+ﬁ . su
12 Jjrsvuvw jsulrvw )G QG = RjrsQ P Rjsul )
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Jo = ——FKjrsEuvw (Qm”m YmP 4 6mdtm” msw) —

48
1 ; 1

— Z/{jmnsuwa”w (m”msu [3]) — g/@jrsliwwa”w (m?"m"[3])

3 . T 1 1 T .
r,su’u u T, SU
— —Iijrsmj m°— 4+ —8 Rijrsu + —6 Rijrs — mj m

1 .
—+ ﬂ (2Iijrsliuvw + 3’1jrv’isuw)avw (mjrmsu [3])5

J3 = ﬁjrsmuvw(Qm”m Yt 4+ 6mItm U m® )

1
288
Step 3. We now compute

3
/A(@)%(@)do = (1 - 2¢)79/2 {1 + % S -2 / Jﬁ(@)d@} +o(n™),
1=0

by integrating the J’s with respect to 7. After integrating each term that de-
pends on the prior distributions and by allowing 7(-) to converge weakly to the
degenerate prior at the true value of 8, we arrive at

3
Eg{exp(¢9)} = (1 —2¢)79/? {1 +n Y A1 —-26)7 } +o(n™h),
i=0
Where the A’s are functions of cumulants of log hkehhood derivatives. By writing
= 2¢/(1 — 2¢) and using the fact that ZZ _oA; =0, we arrive at
(12 iy L 2 3 -1
M(t)=(1-2¢) 1+ 24n(A1d+A2d + Azd®) p +o(n™7), (12)

with A; = 24(A; + 245 + 343), Ay = 24(As + 343), and Az = 24A3. We can

write

Ay =12D;D,m?" — 6Dy (Kjrsm? " m®™) — 12D, (kjrsm?"a*")
— 12D, (Kjsum?"a™) + 6k jrsum?”a®" + KjrsEupwa’™ (m"m**[3])

+ (2"$jrs"$uvw + 3"$jsuf€rvw)mjr (asuavw [3])7

A2 =6D, (ersijmsu) _ (K:j'r‘stu'Uw + 3ﬁjrvﬁsuw)avw (mjrmsu [3])
. 3 . .
_ 3,$j7_sumj7“msu _ Zﬁjrsﬁuvw (3mgrmsumvw + 2m;umrvmsw)7

1 4 ,
Az = Zmﬁsnuvw (3m”m5“m”w + 2m3“mmmsw).

Inverting M(¢) in (12) and interchanging the indices in a suitable manner,
after some algebra, we arrive at the expression for Ay, As, and A3 as given in
Theorem 1.
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Appendix 2
The Shrinkage Argument

Let © = (21,...,2,)" be a random vector with density function that depends
on a p-dimensional parameter 8 € ©, where ® C RP is an open subset of the
Euclidean space. Let Q(-,0) be a measurable function. Assume that @ is con-
tinuous for all @ and that its expectation exists. A Bayesian route for obtaining
Eg{Q(-,0)} based on a shrinkage argument involves the three steps described
below.

Step 1. Obtain E.{Q(0, X)|X = x}, the posterior expectation of Q) under the
prior 7(-) for 6.

Step 2. Find FEp[E-{Q(0,X)|X = x}] = A(0), for 0 € ints(n), where int,(m)
denotes the interior of the support of 7.

Step 3. Integrate A(@) with respect to 7(-) and allow 7 (-) to converge weakly
to the degenerate prior at 6, where 6 € ints(r). This yields Eg{Q(X,0)}.

A detailed justification can be found in [21].
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