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1. Introduction

The nonrobustness of classical estimators and tests for parametric models is a well known problem and alternative robust
methods have been proposed in the literature. Usually, the robust methods are based on first order asymptotic theory and
their accuracy in small samples is often an open issue. In this paper, we propose test statistics which have both robustness
and small sample properties. We combine robust dual divergence estimators [1,2] and saddlepoint approximations - as
presented in Robinson et al. [3] - and obtain robust test statistics which are asymptotically x? distributed with a relative
error of order ©(n~!), where n is the sample size.

Recently introduced in Broniatowski and Keziou [ 1] for general parametric models, the class of dual divergence estimators
is based on the optimization of a new dual form of a divergence. It represents a class of M-estimators indexed by a tuning
parameter and by the used divergence. Toma and Broniatowski [2] have proved that this class contains robust and efficient
estimators and proposed robust test statistics based on divergence estimators. However, these robust testing methods are
based on first order asymptotic theory and have absolute error of order @ (n~'/?). This can lead to inaccurate p-values when
the sample size is moderate to small. For this reason, we investigate new test statistics which combine robustness with good
accuracy for small sample sizes, by using saddlepoint approximations.

Saddlepoint approximations have been widely studied and used in different areas in recent years due to their excellent
performances. Their main property is that it provides very accurate approximations of the exact distribution of a statistic
with arelative error of order @ (n~!). For details on the statistical importance and applications of saddlepoint approximations
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we refer to the books Field and Ronchetti [4], Jensen [5] and to the papers Field [6], Field and Hampel [7], Almudevar et al. [8],
Field et al. [9] for M-estimators.

The paper is organized as follows. In Section 2 we present the class of dual divergence estimators. In Section 3 we
introduce test statistics for hypotheses testing based on dual divergence estimators and saddlepoint approximations. In
Section 4 we show that when using robust dual divergence estimators, the corresponding saddlepoint test statistics are
robust too. For several parametric models, we indicate simple specific conditions on the dual divergence estimators such
that the corresponding test statistics are robust and asymptotically x 2-distributed with a relative error of order ©®(n~1). In
Section 5, for the scale normal model and for the Cauchy location model, we present Monte Carlo simulation studies to show
the performance of the proposed tests from both robustness and small sample accuracy points of view.

2. Dual divergence estimators

The class of dual divergence estimators has been recently introduced by Broniatowski and Keziou [1]. In the following,
we shortly recall their context and definition.

2.1. A class of divergence measures

Let ¢ be a non-negative convex function defined from (0, co) onto [0, oo] and satisfying ¢(1) = 0. Let (X, 8B) be
a measurable space and P be a probability measure defined on (X, 8). Following Riischendorf [10], for any probability
measure Q absolutely continuous with respect to P, the ¢-divergence between Q and P is defined by

d
$(Q.P) = f«p (%) dap. (1)

When Q is not absolutely continuous with respect to P, we set ¢(Q, P) = oo.

The Kullback-Leibler (KL), modified Kullback-Leibler (KL,), x2, modified x? ( X,fl), Hellinger (H) and L; divergences are
respectively associated to the convex functions ¢(x) = xlogx —x + 1, p(x) = —logx +x — 1, p(X) = %(x —1)?
X)) = %(x — 1)2/x, p(x) = 2(/x — 1)? and ¢ (x) = |x — 1]. All these divergences excepting the L; one, belong to the class
“power divergences” introduced in Cressie and Read [11] and defined through the class of convex functions

X —yx+y—1
XER >, (x) = ————— (2)
A vy =1
for y € R\ {0, 1}, where R, is the set of all non-zero positive real numbers, and otherwise by ¢g(x) := —logx +x — 1,
@1(x) := xlogx — x+ 1. The KL divergence is associated with ¢1, the KLy, to ¢, the x? to g,, the x2 to ¢_; and the Hellinger
distance to ¢ ;.

2.2. Dual divergence estimators

Let {Py : & € ©} be some identifiable parametric model with @ an open subset of R¢. Assume that for any 6 € O, Py
has density py with respect to some dominating o -finite measure w. Consider the problem of estimating the unknown true
value of the parameter 6 on the basis of an i.i.d. sample X, .. ., X, with probability measure Py,.

Let ¢ be a divergence as defined in (1) and suppose that the corresponding function ¢ is C?, strictly convex and satisfies

s [ Pe
10 <>‘dPa<oo, o, €. (3)

[

With this hypothesis, using Fenchel duality technique, Broniatowski and Keziou [12] have proved the following dual
representation of divergences:

Py, Pgy) = SUD/m(G,a,X)dPeo(X), (4)
0ec®
with
o o (X o (X o (X
m@, a, X) :=/(p/ (&) dp, — {(p/ (p ( )> Pa®) —(p(p ( )>}
Do Pe(x) ) po(x) Po(x)
The supremum in (4) is unique and is attained in & = 6y, independently upon the value of «. Naturally, an estimator of
the divergence between P, and Py, is given by

$(Pa. Py) = sup / (@, . )P (x),
e
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where P, is the empirical measure placing mass 1/n in each sample observation, namely P, = % Z?:] dx;, with 8, denoting
the Dirac measure.

Minimum divergence estimators of the parameter 6, have been defined by minimizing ¢ (P,, P,) with respect to « on
the parameter space. Also, various parametric tests for simple and composite hypotheses, using ¢ (P,, P,,) to construct the
test statistic, have been proposed; see Broniatowski and Keziou [1] and Toma and Broniatowski [2] for details on these
estimation and testing procedures.

In this paper, our interest focuses on the class of estimators of 6y, called dual divergence estimators, which are defined
as follows. For a given @ € ©, a dual divergence estimator of 6, is defined by

Opon(a) = argsupfm(@,a,x)dPn(x). (5)
fe®

Formula (5) determines a class of M-estimators indexed by some instrumental value of the parameter « and by the function
¢ specifying the divergence. The choices of & and ¢ represent a major feature of the estimation procedure, since they induce
efficiency and robustness properties.

Note that the maximum likelihood estimator belongs to the class (5). It is obtained for ¢(x) = —logx 4+ x — 1, that is as
dual KL,,, divergence estimator.

2.3. Influence functions

Robustness properties of dual divergence estimators have been studied by Toma and Broniatowski [2] by means of the
influence function.

We recall that a map T which sends an arbitrary probability measure into the parameter space is a statistical functional
corresponding to an estimator 6, of the parameter 6, whenever T (P,) = 6,. The influence function of the functional T in P
measures the effect on T of adding a small mass at x and is defined as

T(Pex) — T(P)

IF(x; T, P) = lim
e—0 &

where ng = (1 — &)P + &d. When the influence function is bounded, the corresponding estimator is called robust.
The statistical functional T,, , associated to a dual divergence estimator 6, ,(c) is defined by

Ty o(P) = argsup/ m(0, a, x)dP(x).
fe®

32
26;06;
that, for each «, the function & — m(0, «, x) is C? and the matrix f m” 0y, «, y)dPy, (¥) exists and is invertible. For example,
these conditions are satisfied in the cases of the parametric models considered in Section 4.3, for the choices indicated in
each case.

Then, the influence function of a dual divergence estimator is given by

Let m”(0, «, x) be the d x d matrix with entries m(6, a, x) and py be the derivative with respect to 6 of py. Suppose

IFG Ty Pay) = [M(Wyas Pa) ]~ W (X, 60) (6)
where
3
M (w(ﬂ,Dt’P@o) = _/ % [wga,a(y?@)]eo dP@o(.y) = _/m,/(QO! a».V)dPQOO’) (7)
and
y( Pa\ P . , pa(X)) p2(x) .
W (X, 60) = — =) Epy dp, + . 8
Vi.a (X fo) / ¢ <p90> P, P Y (peo(X) pSO(x)pe‘J ® ®

When using Cressie-Read divergences, formula (6) writes as

-1
Y o Pl Y Yz
p PaoPy Po )" . Pa(X) \" Doy (X)
IE(X; Ty, s Poy) = —/ (i) —du {/ (*) poodu—< b (9)
pGO p90 p90 p90 (X) p90 (X)
For scale models and location models, Toma and Broniatowski [2] have indicated conditions on « and on the Cressie-Read
divergence such that the influence function IF(x; T, o, Pg,) is a bounded function of x, and consequently the corresponding

’9;%,1(0[) is a robust estimator of 6. In Section 4.3, for several parametric models, we indicate choices of o and of the

Cressie-Read divergence such that ?Wn(oe) is a robust estimator of 6y that can be used to construct test statistics with
both robustness and small sample properties.
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3. Saddlepoint test statistics based on dual divergence estimators

In order to test the hypothesis Hp : 6 = 6 in RY against the alternatives H; : @ # 6y, we consider test statistics based on
dual divergence estimators 6, ,(«) defined in (5).

Let @ € ® be fixed. Note that a dual divergence estimator of the parameter 6, is an M-estimator obtained as solution of
the equation

> VX, Oy n(@) =0, (10)
i=1

where v, o (X, 0) is defined as in (8).
Suppose that the cumulant generating function of the vector of scores ¥, o (X, 6) defined by

Ky (0, 0) = log EfeX Ve 0}, (11)

where the expectation is taken with respect to Py, exists.
We consider the test statistics hy, o (6y,n(ct)), where

hy.a(0) == S‘ip(_wa()‘» 0)),

with Ky, , defined in (11).
Following Robinson et al. [3], we will use an approximation to the p-value

= Pity (.o By n(@)) > hy o (0 n(@))) (12)

of the test based on the test statistic hy, o (9(0 n(a)), where 6, , (@) is the observed value of Ow r,(oz)

In order to derive the approximation of the p-value (12), we assume that the density of 9(47 n(a) exists and has the
saddlepoint approximation

iy (®) = @ fr) e Co®@O 1B ()] 5, 4 (0)] 721+ O, (13)

where A, , (t) is the saddlepoint satisfying

a
Ky, o O ) = A1<W(A t) =0, (14)
| - | denotes the determinant,
] t
. Ky o g, (0), _ A (A,
Btﬂ,a(t) — e Kvp.a Ppa®.DF { atww’a(x’ t)e Vp.a (X t)}

and
Ew,a(t) — e Kvpa ()wp.oc(f),f)E {vjw,a X, t)ww,a X, t)tek[‘//wu(x-t)} .

The saddlepoint approximation of the form (13) was introduced in Field [6] for a general M-estimator and has
subsequently been considered by Skovgaard [13] and Almudevar et al. [8]. Conditions which imply this saddlepoint
approximation are given in [8].

Under the assumption that the density of the dual divergence estimator 9w n(a) exists and admits the saddlepoint
approximation (13), the p-value (12) admits the approximations (1.5) and (1.6) in [3]. This means that the test statistic
2nhy, o 0y n(a)) is asymptotically x 2 with a relative error of order @ (n™1).

Our interest is to combine the test accuracy in small samples with the robustness property of the dual divergence
estimator. The result of this combination is discussed in Section 4.

4. Robust saddlepoint test statistics based on dual divergence estimators

Parametric models are idealized approximations of reality and slight deviations from them can have significant effects
on classical estimators and tests based on these models. In spite of their second order accuracy, classical inference based on
saddlepoint approximations can be affected by small deviations from the assumptions on the model (see [14]). Therefore,
robust alternatives need to be looked for. To achieve both robustness and small sample properties, we combine results
from Toma and Broniatowski [2] and Robinson et al. [3] and obtain robust test statistics for hypotheses testing which are
asymptotically x?2 distributed, with a relative error of order @ (n™').

For testmg the hypothesis Hy : 6 = 6 withrespect to the alternatives & # 6y, we consider the test statistics hy, o (9(47 a(@)),
with Gw »(a) robust dual divergence estimators of 8. As it is shown in the following subsections, these test statistics are
also robust and, moreover, their breakdown point is greater or equal to the breakdown point of the corresponding dual
divergence estimator.
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4.1. Influence functions

The influence function of a test statistic shows the influence of an outlier in the sample on the value of the test statistic
and hence on the decision (acceptance or rejection of Hy) which is based on this value. Boundedness of the influence function
of the test statistic implies that in a neighborhood of the model, the level of the test does not become arbitrarily close to 1
and the power of the test does not become arbitrarily close to 0.

The statistical functional associated to a test statistic hy, o (6, n(«)) is defined by U, o (P) := hy (T, «(P)), where Ty, , is

the statistical functional corresponding to ’9:/,,,,(0(). As it can be deduced from the following result, the test statistic is robust,
because 6, (o) itself is a robust estimator of 6.

Proposition 1. The influence function of the test statistic h(p,a(@).n(a)) is

IF(X; Up.a> Pay) =, o (00) IM (., Pog)] ™ Vg (X, 60) , (15)
where

¢ .
E{e)“w,a((’o) W‘“(X’GO)%Wp,a (X, 00) 1.0 (60)}
E{e)tw,a(eo)[‘ﬁw,a(xﬂo)}

hy, o (60) = —

’

the expectation being taken with respect to Pg,, M (V. o, Pg,) is given by (7) and ¥, o (X, 0p) is given by (8).
Proof. First, observe that
Ty« (Pgy) = argsup / m(6, a, X)dPy, (x) = b,
0eO

since the function 6 — f m@, o, x)dPg0 (x) has a unique maximizer 6 = 6, (see [1]).

Then, for the contaminated model Py, ,, := (1 — )Py, + €8, where ¢ > 0, it holds U, a(PQOSX) = hy (T, a(Pgogx)) and
differentiation with respect to ¢ yields

0 -~ ’
IF(X; U(p,av PQO) = a[U@a (Pgogx)]ezﬂ = h(p,a (90)[1F(X; T(/),(X? P@g)- (]6)

Differentiation with respect to 6 yields

0
— Ky, o (A ) amiy, 4 0)

/ 8 !
h, () = _BT[KW“ A Oz e @y o (0) — y:

9
g Kb O 0). 6).

by using the definition of A, . (6). Consequently,

t
E{elva @ Voa®) Ly, o (X, 60)hg,a (B0))
E{e*se (00) Vg« X.60)}

h, ,(60) = — : (17)
which exists since ¥, « (X, 6p) is bounded and the integral f a%‘/’w,a (x, 6)pg, (x)dx exists.
Substituting h(’p‘a (6o) from (17) and IF(x; Ty, o, Pg,) from (6) in (16) we obtain (15). O

4.2. Breakdown point

The breakdown point, as well as the influence function, provides information about the stability of an estimator or of a
test statistic at the presence of outliers. It quantifies how much a small change in the underlying distribution impacts on the
distribution of estimators or test statistics.

We prove that a dual divergence estimator with high breakdown point will induce this characteristic to the corresponding
test statistic. R

The breakdown point of an estimator 6, of a parameter 6 is the largest amount of contamination that the data
may contain, such that 6, still gives some information about 6. Following Maronna et al. [15] (p. 58), the asymptotic
contamination breakdown point of an estimator 6, at Py, denoted by &*(6,, 6p), is the largest ¢* < (0, 1) such that for
& < &%, T((1 — &)Pg, + ¢P) as function of P remains bounded and also bounded away from the boundary 0® of ©. Here,
T((1 — &)Py, + €P) is the asymptotic value of the estimator at (1 — &)Py, + eP by means of the convergence in probability.
The definition means that there exists a bounded and closed set K C ® such that K N 9® = ¢ and

T((1—¢&)Py, +€P) €K, Ve <e*, VP.

Similarly, it can be defined the asymptotic contamination breakdown point of a test statistic at Pg,.
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Proposition 2. Assuming that the asymptotic breakdown point of @,,n(oc) at Py, exists, the asymptotic breakdown point of the
test statistic h, o (8,,n(ct)) at Py, exists too and verifies

& (Myq B0 (@), Pay) = & Bpn(ct), Poy). (18)

Proof. Lete < e*(@,_n(a), Py,). Then there exists a bounded and closed set K C ® such that K N 9® = ¥ and
Tyo((1— )Py, + eP) € K, VP,

Since h,, o is continuous as function of 6 and the spaces on which it is defined, respectively, takes values are separated, using
Borel-Lebesgue theorem, h, , (K) is compact. Therefore we get the existence of the set h,, ,(K) which is bounded and closed
in [0, o0) such that

Upo((1 — €)Pgy + €P) = hy o (Tyo ((1 — €)Py, + €P)) € hy, o(K), VP.
Consequently, the inequality (18) is verified. O

It is difficult to give a general theoretic result concerning the breakdown point of dual divergence estimators. The fact
that the corresponding -function, given by (19) for Cressie-Read divergences, has a part which depends on 6 but does not
depend on x induces some difficulties when adapting known methods of finding the breakdown point for M-estimators.
However, Monte Carlo simulations show that in many cases the dual divergence estimators have high breakdown point. In
some particular cases we can confirm that from theoretical point of view.

For example, for location models, when the 1/ -function of the dual divergence estimator, as function of x—6, is increasing
and it can be established that ¥ (c0) = k; and ¢ (—o0) = —kq, the asymptotic breakdown point is

mil'l{](1, kz}
k] + k2

(see [15], p. 59). This is the case of some dual divergence estimators corresponding to the KL, divergence. For instance, for
the logistic location model, the 1-function associated to the dual KL, divergence estimator of the location parameter 6 is

&* Bpn(), Pay) =

1— e@—x

14 ef—x’
hence k; = k; = 1 and 3*(’9;,“(05), Pgy) =0.5.
Moreover, the dual divergence estimators of a location parameter that are redescending M-estimators have the

asymptotic breakdown point 0.5 (see [15], p. 59). This is the case of the dual KL, divergence estimator of the location
parameter from the Cauchy model, for which

2(x —0)
14+ (x—06)2

V(x,0) =

V(x,0) =

4.3. Choices of the tuning parameter and of the Cressie—Read divergence

In the following, for some parametric models, we provide simple conditions such that am(a) is a robust estimator of 6y
and admits a saddlepoint approximation of the density of the form (13). These simple conditions turn out when we check
in each case the conditions settled by Almudevar et al. [8] in order to have the saddlepoint approximation of the density of
the dual divergence estimator. They assure that the test statistic is robust and asymptotically x? distributed with a relative
error of order @ (n~1). In Section 5, we use these conditions for the scale normal model and for the Cauchy location model
in order to perform some Monte Carlo studies.

We consider the Cressie-Read divergences. For these divergences, the i -function corresponding to a dual divergence
estimator is

¥ Y ;
P\ . Pa(®)\" Po(x)
Vg, a(x,0) = —/ (*) pedu+( ) . (19)
o Po pe(x) ) pa(x)
Consider the normal distribution & (m, o2) with known mean, o being the parameter of interest. The ¥ -function of a dual

divergence estimator of o is

Yy, e, 0) =1l,5(0) + ¢, 5%, 0), (20)

where

oV 2 x—m\>| _1emy ey -5y
’M(")Zymf[l_( - )}2(")(9’ [ ]> &
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o’ 1| [x—m\? ,%[
¢, 5(x,0) = = ( - ) -1 (e

Here, o plays the role of «. In [2] it is shown that v, 7(x, o) is bounded as function of xwheny > Oando < o, respectively
wheny < 0ando > o.In each of these situations, the integral M (v, 7, P») exists and is invertible, therefore @wy,"(ﬁ) is
robust. The conditions of Almudevar et al. [8] are satisfied if additionally y < 0. Thus we state that whenever y < 0 and
G > 0,8y, 1(0) is arobust estimator of o and its density have a saddlepoint approximation of the form (13).

For the exponential distribution, the y/-function corresponding to a dual divergence estimator of 6y is

wgoy,a (X, 9) = Iy,at (9) + Cy.a (X, 9),

and

*;'")2(X;m>2])y .

with

9\’ 11 X 1 X
_ (A= _ -3
I, «(0) —‘/0 (&) (e o) <93 92> e odx
o\" 1.1 X 1
_ —x(5z—7) o2
Cy,a(X, 0) — (&) (e X o ))/ (92 9) :

The dual divergence estimator is robust when y > 0and ¢ < 6 orwhen y < Oand o > 6. If moreover y < 0, the
conditions to have the saddlepoint approximation of the density of dual divergence estimator are satisfied. Therefore the
choice will be with respectto y < 0Oand o > 6.

For the Cauchy distribution,

VYo, a(X,0) =1, 4 (0) + ¢y (%, 0), (21)
where

L [(1+&=02\  2x-6)
Iy,a(e)__/<1+(x_a)2) ]T[1+(X_9)2]2dx

and

and

2(x — 0) 1+ x—0)2\"
7[14+ (x—6)?] <1+(x—oz)2> '

Note that ¥, (%, 6) is bounded with respect to x for any « and any y and that 'kay,n(oz) is always robust. In the case of this
distribution, any « together with y < 1 assure the conditions of robust testing procedure.
In the case of the logistic distribution,

wwy,ot (X’ 9) = Iy,ot(g) + Cy,a (Xa 9),

14 e~ G0\ a=(x—0) _ a=2(x-0)
L (6) =~y / ( + ) dx

Cy.a (Xv 9) =

where

14 e~ &) 1+ e—(x—@))B
and

14 e @O\ 1 _ g0
1+ e*(’H’)) 14 e @=6)"
Here the robust testing methodology works for any choice of « and any y < 0.

If we consider X distributed as a vector of three independent exponential variables with means 6;, i = 1, 2, 3, the
conditions to apply the robust testing procedure reduce to a choice of the Cressie-Read divergence for which y < 0 and to
a choice of « such that «; > 6;, where «; are the components of «.

Cya(x,0) = (277 <

5. Monte Carlo results

In order to illustrate the behavior of the tests that we propose, we perform Monte Carlo experiments for two parametric
models, namely for the scale normal model and for the Cauchy location model. We work with data generated from the
considered model and from slight perturbations of it. For some values of the tuning parameter o and for some Cressie-Read
divergences, as indicated in the Section 4.3, we compute 6, ,(«) and the corresponding test statistic 2nhy, o (6, n(@)).
Under the null hypothesis, these test statistics are asymptotically Xlz. In each experiment we simulate 50 000 samples
and we report the actual levels P(Znhwy,a(@;y,n(a)) > Uq,) Of the tests based on the test statistics 2nh,, o (/éwn("‘))
corresponding to 100 values of the nominal level oy = 1/1000, 2/1000, . .., 100/1000, vy, being the critical value given
by P()(12 > vy,) = tg. We also report the relative errors (P(2nh, o @pyqn(a)) > Ugy) — 0g)/p.
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5.1. The scale normal model

In the first Monte Carlo experiment, we consider the scale normal model with known mean, o being the parameter of
interest. The null hypothesisis Hy : o = 1.

2 2
o o
4]
0 S
g - =}
©
© - o 4
= O 4 [ 5
§ ° 8 °
w o
2 g
83| 3 3
o o
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o o 4
o 4 d
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o T T T T I © T T T T T
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(a)n = 20. (b)n = 20
o
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8 ]
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Fig. 1. Comparison of the actual level and the nominal level of the tests RS1, RS2, CL and CS.
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Fig. 3. Relative errors of the robust tests applied to the scale normal model (0, 1), when the data are generated from 0.95¥ (0, 1) 4+ 0.05V (0, 2), the
tuning parameteriso = 1.7 and y = -2, —1.5, —1, —0.5.

In order to show the robustness of the proposed test, we consider data generated from model, and then from small
neighborhoods of it. More precisely, first, the data are generated from the normal distribution (0, 1) and then from the
perturbed distributions of the form (1 — )/ (0, 1) 4+ eN (0, 2), where ¢ = 0.05, 0.1.

The choice of the tuning parameter is ¢ = 1.7 and the Cressie-Read divergences that we consider correspond to y €
{—2, —1.5, —1, —0.5}. These choices are in accordance with the remarks in the Section 4.3, referring to the conditions to
achieve robustness and small sample accuracy of the testing procedure. For each of these divergences, we compute the dual
divergence estimator of the parameter o = 1 (as solution of the Eq. (10) with the yr-function (20)) and the corresponding
test statistic.

In addition to these robust saddlepoint test statistics, we consider the classical x? test statistic Y ., X?, as well as the
saddlepoint test statistic corresponding to the v -function v (x, ) = x> — 92. The last y-function is associated to the
maximum likelihood estimator of o = 1.
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Fig. 5. Relative errors of the robust tests applied to the scale normal model .~ (0, 1), when the data are generated from 0.9.4(0, 1) 4+ 0.14 (0, 2), the
tuning parameteriso = 1.7and y = -2, —1.5, -1, —0.5.

In Fig. 1 we compare the tests corresponding to these test statistics (RS1 and RS2 are the robust saddlepoint tests for
y = —landy = —0.5,CLis the classical x? testand CS is the classical saddlepoint test). We represent the actual levels of the
tests to be compared with the nominal levels. The data are generated from the model . (0, 1) in (a), (¢) and (e), respectively
from the perturbed model 0.95# (0, 1) + 0.05 (0, 2) in (b), (d) and (f). The sample size is n = 20, 50, 100. When the
data are not contaminated, all the tests give very good results, for all the sample sizes. When the data are contaminated, the
robust saddlepoint tests give better results than the classical x? test or the classical saddlepoint test. The best results are
obtained by the robust saddlepoint test corresponding to y = —0.5 when n = 20, respectively by the robust saddlepoint
test corresponding to y = —1 when n = 50, 100.

In Fig. 4 we report the actual levels of the tests when the data are generated from 0.9 (0, 1) + 0.14 (0, 2) and the
sample size is n = 20.

In Figs. 2, 3 and 5 we report the relative errors of the tests based on robust saddlepoint test statistics, when the
data are generated from the model (0, 1), respectively from the perturbed models 0.95.# (0, 1) + 0.05./ (0, 2) and
0.9 (0, 1) + 0.1 (0, 2). In each case the sample size is n = 20. When the data are not contaminated, the approximation
of the level is very good for all the considered divergences. For contaminated data, the results for the proposed test
statistics are slightly modified when comparing with the results for the noncontaminated data, the best being obtained for
y = —0.5.
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5.2. The Cauchy location model

Another Monte Carlo experiment involves the Cauchy location model Cau(8). The null hypothesis is Hy : 6 = 0.

First, data are generated from the model Cau(0) and then from the perturbed distributions (1 — &)Cau(0) + eCau(1),
where ¢ = 0.05, 0.1. The sample size is in all cases n = 20.

According to the results from Section 4.3, we choose « = —1 and Cressie-Read divergences corresponding to y € {—2,
—1.5, 0, 0.5}. For these choices we expect to achieve robustness and small sample accuracy for the testing procedure. For
each of the mentioned divergences, we compute the dual divergence estimator of the parameter & = 0 (as solution of the
Eq. (10) with the ¥ -function (21)) and the corresponding test statistic.

In Figs. 6 and 7 we represent the actual levels of the tests, respectively the relative errors, when the data are generated
from Cau(0). The approximation of the level is very good for all the considered divergences.

In the second case, we consider data corresponding to the contaminated model 0.95Cau(0) + 0.05Cau(1). With
this perturbation, the results for the proposed test statistics are slightly modified if compared with the results for the
noncontaminated data. This can be seen from Figs. 8 and 9, the best results being obtained for y = 0.5 (the Hellinger
divergence).

In the third case, the data are generated from 0.9Cau(0) 4 0.1Cau(1). As it can be inferred from Figs. 10 and 11, despite
of larger deviations from the model, the results are still good, the best being again obtained for the Hellinger divergence.
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Fig. 6. Comparison of the actual level and the nominal level of the robust tests applied to the model Cau(0), when the data are generated from the model,
the tuning parameter isa¢ = —1and y = 0, 0.5.
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Fig. 8. Comparison of the actual level and the nominal level of the robust tests applied to the model Cau(0), when the data are generated from
0.95Cau(0) + 0.05Cau(1), the tuning parameteris¢ = —1and y = 0, 0.5.
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Fig. 10. Comparison of the actual level and the nominal level of the robust tests applied to the model Cau(0), when the data are generated from
0.9Cau(0) + 0.1Cau(1), the tuning parameter is« = —1and y = 0, 0.5.



A. Toma, S. Leoni-Aubin / Journal of Multivariate Analysis 101 (2010) 1143-1155 1155

v=-2 ¥=-1.5
V._
o <
o
s 2 S o |
[0} o O
0 ]
2 S 2 o
g ° g o]
o -~ [CR—
o | o
o o
© T T T T T T © T T T T T T
0.00 0.02 0.04 006 0.08 0.10 0.00 0.02 0.04 0.06 0.08 0.10
tail probabilities tail probabilities
¥=0
v
o 8
o
] 5 !
& o 5
2 2R
E £ YN
$ 8- L
o [T}
S S Ny o,
[SHE T T T T T QT T T T T T
0.00 0.02 0.04 006 0.08 0.10 0.00 0.02 0.04 0.06 0.08 0.10
tail probabilities tail probabilities

Fig. 11. Relative errors of the robust tests applied to the model Cau(0), when the data are generated from 0.9Cau(0) + 0.1Cau(1), the tuning parameter
ise =—1landy = -2,-1.5,0,0.5.

Thus, the numerical results show that the proposed tests are stable in the presence of small deviations from the
underlying model and, in the meantime, very accurate in small samples.
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