Supplementary material to the article “Improved gradient
statistic in heteroskedastic generalized linear models”

1 Bartlett identities and cumulants

The joint cumulants of the logarithm of the likelihood function are given by x,., = E(9%¢/96,0,),
Krs = E(00]00,00/00,), Ko = E(020/00,0,0;), ko = E(0C/06,0%0]D0,0;), and so on. We de-
fine the derivatives of the cumulants as /17(»? = ORys/00;, nﬁfs“) = OKys/00,00, etc. All K’s refer

to the sample and are in general of order n.

1.1 Bartlett identities

The identities below can be found in Lawley (1956).
e x,. =0,

® frs + Krs =0,

® Krst + Krst — ’fg) =0,

® Kpst— 2Kpst + 2(3)/4%) =0,

® Kysty T Krstu — "‘ﬁgi =0,

_ (s) (r) (rs)
® Rrsitu = Rrstu = Kppy — Ry + Ky — Krs,tus

® Rprsitu = —3Kpstu + 22(4)57(};2 - E(G)H%u) + E(3) Kors tus

® Kpsty T 2(4)/€7",L915u =+ 2(i<l)"<57"s,15u + 2(6) R s tu + Ry stou = 07

where ¥ represents the sum of all combinations of indices.



1.2 Cumulants

Consider the logarithm of the likelihood function for 3 and A in HGLM. We use the indexes
in lowercase (r, s,t,...) to denote the components of the vector 3 and the indices in uppercase

(R,S,T,...) to represent the vector A’s components. We adopt the notation introduced by
Lawley (1956) for the derivatives of the logarithm of the likelihood function: U, = 0¢(3, X)/0p,,

Ups = 0°L(B,X)/0B,0\s, Ups = 0L(B,X)/0B,0L(3,N) [OXs, Upsr = 0*0(B,X) /05,08 A, etc.
® Kps = — D ) Grwee s,
® KRs =2 gy doed3 SerSes,
o st = — Yy O fo + 200)Ter s,
® Krst = Doy PegeTerTesTar,
o Krot =2y e fo — go)TorTesa,

_ _ _ (R) _ <
® KRst = —KRst = —KRst = —Kg = Y pq PLEWTsTtSoR,

®) ) (1) 0
® KRst — KRSt = KRSt — KRSt = KRSt = Kpg = Kips = KRrs — Y,
_\n 3
o KrsT = ) pq(d3e®?y + 3doedreta0) SerSesSer,
n
® KRST = — Zg:l A2 D10020S0RS 1550

_ n 3
® KpsT = — oy A3 ySerSesSer,

o /ﬂRs =01 (dsed?, + 2doproae) Sersesser,

4 ) 4 2 2
= S (Y () ()
du dn V2 du? \ dn V2du \dn) dpz2  V \dp?
4 dp dp

- Vd_nd 3} LorZgsLetLou,
¢

rs,tu — - 14 V3 d,U/ dT} V2 d/L dn d772 vV d7]2 ) Lr Ll bty



n
® Kpstu — Z ¢£{

n
® Kystu — E (bé
/=1

® KRrstu = Z¢E{V3

1 dV
V2 du

1
V3

dv
dp

av

dp

)

0

du 22
dn) dip

(@)

LorLps ot T g,

Z@{

3dudiu

w()

V dn dn3

(@)

} LprZLps Tt pu

) (o

y

L@V ()3 V()
dn?

1 @V (du\*
_i_ﬁd_,u? d_n Zl’hl’ésxﬁxiua

V2du? \ dn V2du \ dn

L2 EV A\ 0 dV (dy
V2 du? \ dn V2 du dn

. 2 (dV\?[du\* 1 &2V (dp\* 5 dV [d
en =0 () () el )t o
— V3 \ du dn V2du? \ dn V2du dn
2 dud’p
Vd d 73 LprLpsotd pus
" ¢
o Ko = — Yy P1e(fe + 290)TerTosTarseu,
® KystU = —Rrst,U = RrstU = Z?Zl ¢1£gﬂ£r$£s$et8w;

o Krsiv =D pq P1e( [

® Rrst,U = 07

® KRStu = RRStu

® KRt,Su = —RRStu =

® KR Stu — RKR,Stu — KRS tu =

_ (R _
= Rgty =

1 _
§/€R,S7t,u -

”iggt

—KRStu =

- ge)IerxethSew

n
— > req P2WeT Ty SeRrSes,
no 9 -1
D v DLeby We ey SerSes,

=0,

1 /dv\?/du\*
V3 @ d_T] Emfrxfsxétx&u

i
dn?

Yy

dn?

1 dud?

V dn dn?

2

2

V

(

d*pu

d?

d*pu

i

3

:

:



o kpsTu = Yy (daedi, + 6dsedt o0 + 3does, + Adordrodse) SerSesSerse,

_ n 2

® KRrsTU = — 2 _p_y d3e®1D2uSerS18SeTSeu,
_ n d 2

® KpsTU = — 2 p_y doe®3,SeRSeSSITSIU S
_ n 4

® KRSTU = — D _y—1 dae®1ySerSesSerSe,

o FGS:ETSU) = >0 (daed}, + 5dzed? s ar + 2doed3, + 2doedredae) SerSesSersSev,

° KS%US)T =31, (g, + 6d3e? e + 3doeds, + 3dardroPse) SerSesSerseu -

2 Hypothesis about 8 = (3", \")T subsets

2.1 Subset of 3

Suppose that we are interested in testing Hy : B, = 5§°) against Hy : By # Bgo). In this

case, Z) = Z,,. Thus, the coefficients of the improved gradient statistics are given by:

An = 3{1T®(F +2G)[Zsi(Zs + Z5,) Z s — 2Z 5302 3, Z pa + 225 — Z,) © 2]
x ®(F +2G)1}
+6{1" ®W(Zsg — Z3,a)Z2Zpa+2Zs — Zg,) © Zg, © Z, )21 W1

—6{1"® W (Z3q — Z3,0)Z>Zra(D3®> + 3D, &, P,)1},

A = 1201 (F + G)[Z3aZ5Z pa — Z3,aZ 5,20+ Zy — 25| ®(F + G)1},

Ay =—6{1"®(F +2Q)[(2 — Z5)) & (Zs + Z3,) + (Zpa — 3Z3,0)Z 5, Z pra
+(Zsa+ Zsa) 25250+ 225) © (Zs — Z5,)|8(F + G)1}
~12{17®,W (2§ - Z29) 0 2,)®, W1}

+12{17® W (Z g — Zp,0) Z2Zra) (D3P} + 2D2®,P5)1},



Ay =6{1"®B(Zpy — Zpya)Z pal} + 6{1" ® W (Z3g — Z p,0) Z g1}
—6{1"®C(Zpa — Zp,0)(3Z 5,0 + Zpa)1}

+12{1"®E(ZY) - Z5)1},

1
Aor == 3{ 1B 4 26) | (Zaa ~ 20) 25~ 20) 520+ Z)
1
+(Zoa = Z0) 20 Zoa ~ Bi) + 53 - 2P © (25 +325,) | 9(F +2G1}

=31 @ W (Zpi — Zpa)Z:\(Zsa — Zssa) +2(Z5 — Z,)? © Z)]21 W1},

Agy = 6{1T®(F +2G)[(Z5 — Z3,) © (2 — Z$) + (Zpa— Zp,0)(Z5Z s — Z 5, Z p,0))

x ®(F + G)1},
Ay = 3{17®(2C — B)(Zsq — Zp,0)?1},

3 1
Ay =11 ®(F +2G) | {(Zpa — Zpa)(Zs = Zp,)(Zpa = Ziswa) + 5(Z5 — Z3,)? | ®(F +2G)1.

2.2  Subset of \

0)

Suppose that we are interested in testing Hgy : Ay = )\g against the alternative hypothesis

Ho : AN # Ag‘”. In this case, Zg = Zps,. Thus, the coefficients of the improved gradient

statistics are given by:

An = 30T ®WI(Zsu(Z) — Z),) Zsa+ 22y — Z,) © 2@, W1}
—3{1T®W([Z34(Z) — Z),) Z2,4)(D3®% + 3D, @, ®,)1}
—3{17(D3®} + 3Dy ®,®2)[Z2a(Zx + Z>,) Z pa — 2Z 2yaZ 2, Z 5a) 21 W 1}
+3{17(D3®% + 3D2®,9,)[Z2i(Z + Z,) Zrsa — 22330220, Zrga + 22\ — Z,) © Z5)]

X (D3‘P? + 3D2¢1¢2)1},



Ay = 12{17(D3®} + 2D2®,9,)[Z20Z>Z2a — Z 2022, Zrsa + ZY) — Z)]

x (D3®} + 2Dy ®,$,)1},

A =—12{1T®,W (2 © (2, - Z,,)|®, W1}
+ 12{1"® W[ Zs4(Z\Z i — Z,Z 2,a)|(D3®3 + 2D, @ ®5)1}
—6{1T(D3®% + 3D,®,®,)[(Z0) — Z0) 0 (Z0+ Z2,) + (Zri — 3Z2,0) 20, Z s

V (Zri+ Znga)Z2Zra + 220 0 (Zy — Z),)|(D3®} + 2D, ®,®,)1},

Ay =6{1"® W (Z g — Zy,0)Zs,1}
+6{17(D,;®] + 6D3P1®y + 3D,®5 + 4D @ P3)(Zrg — Zrya)Zrpal}
— 6{1" (D4®} + 6D3®?®, + 3D,®3 +3D2,®,P3)(Z g — Z2,0)(Zra + 32,01}

+12{1T (D4} + 5D382®, + 2D, ®3 + 2D, ®, ) (Z) — Z53))1},

Agy = 3{1T(D3®3 + 3Dy, ®,9,)(Zrg — Z2ya)(Zx — Zr,) Z 3a® 1 W1}
1
— 3{1T(D3<I>§ + 3D, P, ®,) [Z(ZM — Z5,0)(Z\— Z5,)(3Zrq + Zr,0)
1
+(Zxi— Z2yd)Z0,(Zra — Zrya) + 5(ZA —Z,,)Y 0 (Z\+32),,)

x (D3®3 + 3D2<I>1<I>2)1},

Azy = 6{1T(D3®} + 3D28,®,)[(Z) — Z»,) © (2 — ZT))

+(Zri— Z3ya)(Z2Zrg — Z 2, Z rpa)|(D3®% + 2Dy @ P,)1},

Ags = {1T(D,® + 6D3®°®, + 3D, P2 + 2D, P ®3)(Z g — Zr,q) P11},



3 1
As = 17(D3®3 + 3D, P, ) Z(ZM — Z5,0)(Zx — Zy,)(Zrg — Zrya) + §(ZA —Z,,)®

x (D3®} + 3Dy®,®5)1.

3 Numerical results

3.1 Inverse Gaussian model

The simulation results presented here are based on the inverse Gaussian regression model

with systematic components given by:
pe = P+ Boxea + ...+ Bpep and log(de) = Ay + Aasea + ... 4 AgSeg,

In Table 1, we present the rejection rates considering the hypothesis H, : 3, = 0, n = 30,
q = 2 and different values of p. We vary p to analyze the effect of the number of covariates
present in the model in the various tests. Note that the usual (LR), adjusted (LR,) and
Bartlett (LRy) likelihood ratio tests, the usual Wald test (W) and the gradient test (T') are
extremely liberal, especially when the number of parameters increases. The score test (SR) is
also liberal in almost all cases but has a smaller distorted size than the tests mentioned above
in all situations. For example, for p = 5 and o = 5%, the test rejection rates are 17.28% (LR),
10.12% (LR,), 9.82% (LRy,), 6.18% (SR), 28.98% (W) and 9.22% (T'). Note that the influence
of the number of parameters is less pronounced in the asymptotic tests SR, SR;, and T},. For
the T}, test, the Bartlett-type correction factor causes the rejection rates to be closer to the
nominal levels considered and produces better rates than their usual versions. Furthermore,
the tests SR and SRy, have similar performance. The bootstrap tests in general indicate a
significant reduction in size distortion, especially for the likelihood ratio and Wald tests.

In Table 2, we fix the null hypothesis as Hy : 5, = 0, p = 2, n = 30 and use different values
of g. The asymptotic tests SR, SR}, and T}, and the bootstrap tests are practically unaffected
with the increase of g. The same does not happen with the other tests. The corrected (SR},)
and usual (SR) scores are conservative. Note also that the tests LR, W and T are liberal, and
the Wald test (W) has the largest size distortion.

In Table 3, we consider the null hypothesis Hy : 3, = 0, p = 3, ¢ = 3 and we vary the sample



size by 20, 30, 40. As the sample size increases, the rejection rates of all the tests approach the
respective nominal levels. The usual Wald test (W) shows rejection rates above the nominal
levels considered. For example, when n = 20 and o = 5%, the Wald test rejection rate is
19.78%, which is almost four times the nominal level set. We notice that the rejection rates
of the gradient test are attenuated by the Bartlett-type correction. As an illustration, for
n = 30 and o = 5%, the gradient test rate is 7.60%, while the corrected gradient test rate is
5.30%. Furthermore, the tests SR, SRy, T}, and the bootstraps show rejection rates closer to
the corresponding nominal levels for all values of n.

In Table 4, we apply the null hypothesis Hy : Ay = --- = XA\, =0, ¢ = 3, p = 2 and we
diversify the sample size at 20, 30,40. The rejection rates of all tests approach their respective
nominal levels as the sample size increases. The tests LR, W and T present high size distortions,
with the distortion of W being more accentuated. Also, the tests SR and T}, are conservative,
and the tests LR, and LR have similar behavior. Bootstrap tests generally perform better
than other tests.

In Table 5, we fix the null hypothesis as Hy : A\g = --- = A\; = 0 and p = 1 and vary
the sample size by 20,30,40 and ¢ = 2,3,4. As the sample size increases, the test results
approach the respective nominal levels. Also, the Wald (W) test has higher size distortions as
the number of parameters increases. The LR and T tests are liberal but less distorted than
W. Furthermore, the test scores (SR) and corrected gradient (73,) are conservative, the latter
being true in almost all cases. The modified likelihood ratio tests (LR, and LR),) show similar
results. Finally, the bootstrap and SRy, tests provide a considerable reduction in size distortion.

In Table 6, we present the simulation results for power. We set n = 30, p =1, ¢ = 2 and
a = 10% and consider the hypothesis H; : Ay = ¢, where different values of € are considered.
We disregard the usual tests, namely LR, SR, W and T. As expected, the power of the tests
increases as € increases. The powers of the tests LR} ,o: and Tjoo are similar, and the LR, test
is slightly more powerful than the others.

In Figure 1, we present the graph of the asymptotic quantiles versus the relative discrep-
ancies of the quantiles. We consider the null hypothesis Hy : 83 = 0, p = ¢ = 3 and n = 40,
that is, asymptotic quantiles are obtained from the x? distribution. The figure confirms the

tendency of the Wald test (W) to be too liberal. The tests of the likelihood ratio (LR) and



gradient (7") are also liberal but less so than W. The other tests reject the null hypothesis less
frequently, compared to the nominal level. The smallest discrepancies are given by the tests

SR, SRy, and Ty,.

Table 1: Rejection rates for Hy : 5, = 0; inverse Gaussian distribution with n = 30 and ¢ = 2.

p | a(%) LR LR. LRy SR SRy w T T, LRboot SRboot Whoot Thoot
10 | 12.86 10.86 10.74 10.06 10.12 16.60 11.74 10.32 10.26 10.24 10.54  10.26

2 5 7.26 5.90 5.72 5.08 5.24 10.14 5.84 5.26 5.62 5.30 5.26 5.44
1 1.74 1.44 1.22 0.72 1.02 3.94 0.90 0.98 1.26 1.20 1.46 1.20

10 | 15.68 11.12 11.22 10.74 9.96 21.14 12.92 9.90 9.86 9.90 10.72 9.98

3 5 8.68 6.12 5.78 5.56 5.26 14.50 6.32 4.90 5.20 5.12 5.58 5.22
1 2.54 1.34 1.26 1.00 1.02 6.64 1.00 0.98 1.10 1.28 1.20 1.24

10 | 20.34 13.80 13.42 10.54 9.72 29.84 14.62 9.88 10.50 9.16 12.92 9.90

4 5 | 12.30 7.60 7.30 5.24 4.86 22.54 7.46 4.66 5.56 4.64 6.76 5.14
1 3.92 1.80 1.48 0.76 0.78 12.26 1.00 0.78 1.00 1.00 1.72 0.98

10 | 25.12 18.28 16.84 11.68 11.04 37.28 16.64 10.34 12.04 9.48 14.32 10.32

5 5 | 17.28 10.12 9.82 6.18 5.88  28.98 9.22 5.26 6.20 4.98 8.22 5.44
1 6.40 2.84 2.36 1.14 1.14 16.74 1.38 0.98 1.46 1.14 2.22 1.10

10 | 29.32 21.88 19.32 12.54 11.86 39.08 20.60 11.78 12.94 9.64 15.82 11.14

6 5| 2044 13.40 11.26 6.50 6.10 30.32 11.74 6.32 6.54 4.86 8.66 5.72
1 8.48 3.96 2.96 1.18 1.26 17.10 2.00 1.44 1.60 1.00 2.18 1.24

10 | 32.40 24.48 21.28 12.16 11.04 47.28 19.76 11.62 13.54 8.86 17.00 10.90

7 5| 23.22 15.06 13.48 6.74 6.20 38.82 12.00 6.58 7.14 5.02 9.36 5.98
1| 11.04 4.88 4.18 1.80 1.32  25.52 3.02 1.76 1.82 1.24 2.06 1.38

0.5 0.6
| |

0.4

Relative discrepancies of quantiles

Asymptotic quantiles

Figure 1: Relative discrepancies of quantiles - inverse Gaussian model with n = 40, p = 3 and
q=3.
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Table 2: Rejection rates for Hy : 5, = 0; inverse Gaussian distribution with n = 30 and p = 2.

q=72 q=3
Statistic | a =10% a=5% a=1%|a=10% a=5% a=1%
LR 12.96 6.58 1.70 14.26 7.72 2.16
LR, 10.40 5.22 1.18 11.18 5.78 1.30
LRy, 10.32 4.98 1.04 10.72 5.50 1.20
SR 9.62 4.36 0.58 9.64 4.44 0.68
SRy 9.72 4.66 0.78 9.60 4.66 0.90
w 16.68 9.92 3.54 19.36 12.18 5.18
T 11.36 5.36 0.82 12.84 6.58 1.26
T 9.86 4.72 0.88 10.08 5.08 1.06
LRpoot 10.32 4.98 1.26 10.02 5.14 1.20
SRyoot 10.16 4.90 0.92 10.00 4.92 0.98
Whoot 10.16 5.22 1.24 10.02 5.04 1.30
Thoot 10.36 4.96 1.18 10.20 5.14 1.18
q=2 g=3
Statistic | a =10% a=5% a=1% | a=10% a=5% o=1%
LR 16.24 9.38 2.90 18.52 11.46 3.84
LR, 12.28 6.52 1.58 14.22 8.22 2.44
LRy, 11.76 5.98 1.36 12.34 6.88 1.60
SR 10.10 4.68 0.76 10.04 4.58 0.60
SRy 9.66 4.68 0.98 9.46 4.46 0.78
w 23.40 16.74 7.56 28.60 20.74 11.60
T 14.70 7.82 1.56 15.88 9.14 1.68
T 10.22 4.94 1.04 10.14 5.14 0.84
LRyoot 10.08 5.04 1.26 10.04 5.20 1.08
S Rhoot 10.44 5.20 1.26 10.04 5.04 1.16
Whoot 9.84 4.94 1.26 9.88 4.90 1.16
Thoot 10.46 5.22 1.40 10.52 5.94 1.32

Table 3: Rejection rates for Hy : 5, = 0; inverse Gaussian distribution with p = 3 and ¢ = 3.

n | a(%) LR LR, LRy SR SRy w T Ti, LRyboot SRboot Whoot Thoot
10 | 18.50 14.40 12.58 10.26 9.02 27.28 15.48 10.10 9.20 9.16 9.32 9.32

20 5 11.66 7.98 6.52 4.80 4.12 19.78 8.22 4.70 4.44 4.52 4.86 4.52
1 3.84 2.30 1.56 0.80 0.92 11.00 1.40 0.92 0.92 1.34 1.14 1.10

10 | 15.78 11.98 11.70 10.76 10.08  21.02 14.24  10.56 10.36 10.28 10.40 10.22

30 5 9.30 6.38 6.06 5.42 5.24 14.54 7.60 5.30 5.14 5.30 5.40 5.26
1 2.78 1.52 1.44 0.98 1.06 6.42 1.56 1.02 1.22 1.18 1.50 1.24

10 | 14.30 10.84 11.00 10.58 9.92 18.22 13.46 10.54 10.10 9.96 10.26 10.26

40 5 7.80 5.54 5.64 4.90 4.78 11.42 6.76 5.16 5.14 4.88 5.46 5.06
1 2.02 1.18 1.10 0.90 0.98 4.58 1.24 0.94 1.10 1.30 1.28 1.22
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Table 4: Rejection rates for Ho : Ay = --- = A\, = 0; inverse Gaussian distribution with p = 2
and ¢ = 3.
n |a®%) | LR LR. LR, SR SR, w T T, LRbeot SBboot Whoot Thoot
10 | 1772 13.04 1296 860 1052 3252 1616 992 1018 1008  9.82 10.18
20 5| 1060 720 7.02 428 530 2416 942 4.08 5.02 520 502 528
1] 296 176 164 08 100 13.08 242 0.16 1.10 126 1.02 116
10 | 1478 1194 1148 9.02 1048 2510 13.98 9.84 9.92 1034 946 10.10
30 5| 796 594 582 48 554 17.08 7.26 4.46 5.06 528 494 492
1| 194 124 124 090 096 740 1.66 0.44 1.12 106 090  1.24
10 | 1252 1020 1036 9.50 10.30 1878 11.90 9.44 9.74 1034 922 9.60
40 5| 678 544 560 440 496 11.64  6.26 4.52 5.04 496 532 4.92
1| 168 118 116 08 092 478 140 0.64 1.08 108 114 102
Table 5: Rejection rates for Hy : Ag = - -+ = A\; = 0; inverse Gaussian distribution with p = 1.
q| n| a) LR LR. LR, SR SRy w T Ty LRboot SRboot Whoot  Thoot
10 | 12.76 1076 10.94 832 1006 17.10 1206 994 1024 1040  10.16 10.50
20 5| 654 520 552 354 452 10.74 588  4.54 5.04 498 488 494
1] 152 090 104 050 088 408 120 046 0.96 116 1.02 108
10 | 11.56 1040 1028 9.22 10.18 14.84 11.38 10.06 1010 1044  10.00 10.08
2 | 30 5| 604 514 522 400 476 882 583  4.62 5.20 486 528  5.02
1| 106 074 080 070 086 262 094 0.54 0.96 106  1.04  1.00
10 | 1134 1014 1048 952 1042 1408 1098 10.14 1034 1046  10.26 10.28
40 5| 596 510 520 450 498 768 564  4.84 5.26 516 506  5.26
1] 134 102 102 094 110 210 114 078 1.10 142 086 110

10 | 13.58 11.06 11.60 7.98 9.76  23.32 12.62 9.98 10.18 10.14 9.68 10.14

20 5 7.96 6.18 6.36  3.86 5.16 16.16 7.04 4.26 5.70 5.22 5.24 5.78

1 2.02 1.48 1.46 0.66 0.88 7.58 1.44 0.36 1.30 1.06 1.48 1.28

10 | 12.80 10.98 10.98 8.90 10.42 19.40 12.24 9.84 10.26 10.60 9.86  10.28

3 | 30 5 6.60 5.34 5.28  4.58 5.26 12.56 6.04 4.26 5.06 5.38 4.56 5.12
1 1.44 1.16 1.02 1.08 1.16 4.14 1.04 0.44 1.08 1.36 0.94 1.08

10 | 11.86 10.60 10.54 8.62 9.62 17.16 11.36 9.70 10.38 9.90 10.42  10.26

40 5 5.66 5.08 4.98 4.08 4.50 10.60 5.34 4.10 4.78 4.86 4.86 4.76

1 1.32 1.04 0.98 0.76 0.82 3.54 1.12 0.60 1.16 0.94 1.24 1.20

10 | 16.10 11.10 12.80 7.72 10.06 33.78 14.58 8.90 10.04 10.02 10.38  10.02

20 5 8.84 5.58 6.46 3.72 4.50 25.42 7.36 2.98 4.90 4.94 5.14 4.74

1 2.24 1.50 1.48 0.94 0.02 14.32 1.46 0.00 1.14 1.12 1.30 1.02

10 | 12.84 10.82 10.68 8.36 9.86 23.32 11.82 8.86 9.72 10.24 9.84 9.90

4 | 30 5 6.82 5.68 5.66 4.08 4.48 15.60 6.12 3.92 4.90 4.92 4.94 4.94
1 1.62 1.22 1.26  0.96 0.74 6.82 1.42 0.34 1.20 1.20 1.12 1.22

10 | 12.70 11.30 11.14 9.28 9.98 21.58 12.06 10.12 10.66 10.52 10.98  10.66

40 5 6.70 5.74 5.66 4.70 5.02 14.26 6.46 4.38 5.48 5.34 5.18 5.54

1 1.44 1.00 1.06 1.14 0.94 5.12 1.22 0.44 1.14 1.20 1.10 1.24
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Table 6: Power of H1: Ao =€, n=30,p=1, ¢ =2, a = 10%; inverse Gaussian distribution.

€ LR, LR, SRy, Ty, LRyoot SRboot Whoot Thoot
0511436 14.14 13.72 14.06 14.20 14.36  14.20 14.12
1.5 | 43.82 42.86 41.20 42.78 42.86 41.60 40.78 42.94
25| 7740 76.74 7294 76.58 76.42 73.22 75.76 76.38
3.5 19394 93.78 90.56 93.66 93.64 90.82 94.28 93.64
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