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Abstract

Liu (1996) discussed a class of robust normal/independent distributions
which contains a group of thick-tailed cases. In this article, we develop a
skewed version of these distributions in the multivariate setting, and we
call them multivariate skew normal/independent distributions. We de-
rive several useful properties for them. The main virtue of the members
of this family is that they are easy to simulate and lend themselves to
an EM-type algorithm for maximum likelihood estimation. For two mul-
tivariate models of practical interest, the EM-type algorithm has been
discussed with emphasis on the skew-t, the skew-slash, and the contam-
inated skew-normal distributions. Results obtained from simulated and
two real data sets are also reported.
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1. Introduction

A normal distribution is a routine assumption for analyzing real data,
but it may be unrealistic, specially when strong skewness and heavy-
tailed appear. In practice, we generate a great number of data that
are skewed or heavy-tailed, for instance, information on family income,
the CD4 cell count from AIDS studies, etc. Thus, one needs to develop
a flexible class of models that can readily adapt to the non-normality
behavior of certain phenomena. Flexible models that include several
known distributions, including normal distribution, are of particular im-
portance, since such models can adapt to distributions that are in the
neighborhood of the normal model (DiCiccio and Monti (2004) [13]).
Lange and Sinsheimer (1993) [22] developed a normal/independent dis-
tribution which contains a group of thick-tailed distributions that is of-
ten used for robust inference of symmetrical data (Liu (1996) [25]). In
this article we further generalize the normal/independent (NI) distri-
butions and combine skewness with heavy-tailed. These new classes of
distributions are attractive not only because they model both cases, but
because they have a stochastic representation for easy implementation of
the EM-algorithm, and so facilitate the study of many useful properties.
Our proposal extends some of the recent results found in Azzalini and
Capitanio (2003) [6], Gupta (2003) [17], and Wang and Genton (2006)
[31].

Azzalini (1985) [4] proposed a univariate skew-normal distribution
that was generalized to the multivariate case by Azzalini and Dalla—Valle
(1996) [7] and Arellano—Valle et al. (2005) [2]. The multivariate skew-
normal density extends the multivariate normal model by allowing a
shape parameter to account for skewness. The probability density func-
tion of the generic element of a multivariate skew-normal distribution is
given explicitly by

F¥) = 20p(y[p. D)2 A= (y — ), yeR, (L1
where ¢,(.|p, X) stands for the probability density function of the p-

variate normal distribution with mean vector g and covariate matrix
3., while ®;(.) represents the cumulative distribution function of the
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standard normal distribution, here 12 gatisfies T/22 12 = 2L
When we have A = 0, the skew normal distribution reduces to the normal
distribution (Y ~ Np(u,X)). A p-dimensional random vector Y with
probability density function as in (1.1) will be denoted by SN, (i, 3, A).
Its marginal stochastic representation, which can be used to derive sev-
eral of its properties, is given by

by
VI+ATA

where Ty ~ N1(0,1) and Ty ~ N,(0,L,) are independent, |Ty| denotes

of course the absolute value of Ty, and “ 27 stands for “distributed as”.

From (1.2) it follows that the expectation and variance of Y are given,

respectively, by
E[Y] = p+/2/xx"? (1.3)

Y £+ BV2 (8| Ty |+ (1, - 68 7)/?Ty), with 6= . (1.2)

and
Var[Y] =X — (2/7)2Y256 ' 51/2, (1.4)

Several extensions of the above model has been proposed. For ex-
ample we have the skew-t distributions (Sahu et al., (2003) [27], Gupta,
(2003) [17]), skew-Cauchy distributions (Arnold and Beaver (2000) [3]),
skew-slash distributions (Wang and Genton (2006) [31]), skew-slash-t
distributions (Tan and Peng (2006) [29]), and skew-elliptical distribu-
tions (Azzalini and Capitanio (1999) [5], Branco and Dey (2001) [9],
Sahu et al. (2003) [27], Genton and Loperfido (2005) [16]). In this paper
we define a new unified family of asymmetric distributions that offers a
much needed flexibility by combining both skewness with heavy-tailed.
This family contains, as a special case, the multivariate skew-normal
distribution defined by Arellano-Valle et al. (2005) [2], the multivari-
ate skew-slash distribution defined by Wang and Genton (2006) [31],
the multivariate skew-t distribution defined by Azzalini and Capitanio
(2003) [6], and all the distributions studied by Lange and Sinsheimer
(1993) [22] in the symmetric context. Thus, our proposal is a more
flexible class than the existing skewed distributions, since it allows easy
implementation of inferences in any type of models. We point out that
the results and methods provided here are not available elsewhere in the
literature.
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The plan of the article is as follows. In Section 2, the normal/inde-
pendent distributions (NI) are reviewed for completeness. In Section 3,
the skew-normal normal/independent distributions (SNI) are described,
and the main results are presented. In Section 4, we derive the maximum
likelihood estimates (MLE) for two important applications of SNI dis-
tributions. Analytical expressions for the observed information matrix
are worked in Section 5. An illustrative example is presented in Section
6, depicting the usefulness of the proposed methodology. Our conclud-
ing remarks are presented in Section 7. We also include an appendix as
Section 8.

2. Normal/independent distributions

The symmetric family of NI distributions has attracted much attention
in the last few years, mainly because it includes distributions such as
the Student-t, the slash, the power exponential, and the contaminated
normal distributions. All these distributions have heavier tails than the
normal.

We say that a p-dimensional vector Y has a NI distribution with
location parameter g € RP and positive definite scale matrix X (see for
instance, Lange and Sinsheimer (1993) [22]) if its density function has
the form

i) = /0 " oyl ) dH (s ), (2.1)

where H (u;v) is a cumulative distribution function of a unidimensional
positive random variable U indexed by the parameter vector v. For a
random vector with a probability density function as in (2.1), we shall
use the notation Y ~ NI, (u, X; H). Now, when g = 0 and ¥ =1, we
simply use Y ~ NI, (H).

The stochastic representation of Y is given by

Y =pu+U"1?Z, (2.2)

with Z ~ N,(0,%) and U a positive random variable with cumulative
distribution function H independent of Z. Examples of NI distributions
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are described subsequently (see also Lange and Sinsheimer (1993) [22]).
For this family, the distributional properties of the Mahalanobis dis-
tance

d=(y—p)' =7y —m),
are also described because they are extremely useful in testing the good-
ness of fit and for detecting outliers.

2.1 Examples of NI distributions

o The Student-t distribution Y ~ t,(p, 3, v) with v > 0 degrees of free-
dom. The use of the t-distribution as an alternative to the normal dis-
tribution has frequently been suggested in the literature. For example
Little (1988) [24] and Lange et al. (1989) [23] use the Student-t distri-
bution for robust modeling. The variable Y has density

p+V)

G ANNE

= 2 PR (14 - . 2.3
)= pgptare = (14) (2.3
In this case, we have U ~ Gamma(v/2,v/2), where the cumulative
distribution function H (u;v) has density

(V/Q)V/Qul//zfl 1
h(u, l/) = W exp (—51/1,6)7 (24)
and finite reciprocal moments E[U~™] = %, for m < v/2.

From Lange and Sinsheimer (1993) [22] we also get

d=(y—p) =y —p) ~pF(p,v).

o The slash distribution Y ~ SL,(p, 3, v) with shape parameter v > 0.
This distribution presents heavier tails than the normal distribution. It
also includes the limiting normal case as v 1 co. Its probability density
function is given by

fy) = v / a1y (y V) . (2.5)
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Here H(uw;v) has density
h(u;v) = vu”" g1, (2.6)

v
with reciprocal moments E[U~™] = ——, for m < v. The Maha-
—m
lanobis distance has cumulative distribution function given by
2'T'(p/2 +v)

Pr(d <) =PriG <r) = = n0 )

pr(X§+2V S T)'

o The contaminated normal distribution Y ~ CN,(p, X, v,7), with 0 <
v <1,0 <~ <1 (Little (1988) [24]). This distribution may also be
applied for modeling symmetric data with outlying observations. The
parameter v represents the percentage of outliers, while v may be inter-
preted as a scale factor. Its probability density function is

f(y) = vop(ylm, %) + (1= v)op(ylm, X). (2.7)

In this case the cumulative distribution function H (u;v) is given by
h(u;v) = vly—yy + (1 = )=y, v=wn"", (2.8)

where here I 4) is the indicator function of the set A. Clearly we have
ElU™]=v/y™+1—v and

Pr(d <r)=vPr(x; <~r)+ (1 —v)Pr(x; <r).

The power-exponential distribution is the type NI. However, the
scale distribution H (u;v) is not computationally attractive and will not
be dealt with in this work.

3. Multivariate SNI distributions and main
results

In this section, we define the multivariate SNI distributions and study
some of their properties (v.g., moments, kurtosis, linear transformations,
and marginal and conditional distributions).
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Definition 3.1. A p-dimensional random vector Y follows a SNI dis-
tribution with location parameter p € RP, scale matrix 3 (a p X p
positive-definite matrix) and skewness parameter A € RP? if its probabil-
ity density function is given by

/ bp(y I )0y (WPATE 2y — ) dH () (3.1)

uP/? d
_2/0 ok V2e 2700 (u!PATE T A (y — ) dH (w),
where U is a positive random variable with cumulative distribution func-
tion H (u;v).
For a random vector with probability density function as in (3.1),
we use the notion Y ~ SNI,(u, 3, A; H). When g =0 and ¥ =1, we
get a standard SNI distribution and denote it by SNI,(A; H).

It is clear from (3.1) that when A = 0, we get back the NI distri-
bution defined in (2.1). For a random vector with probability density
function as in (3.1), we write the Mahalanobis distance as

dy=(y—p)'S 'y —n).

In Definition 3.1, note that the cumulative distribution function
H (u;v) is indexed by the vector v. Thus, if we suppose that v, is such
that v 1 v, and H (u;v) converges weakly to the distribution function
H(u) = H(u; V) of the unit point mass at 1, then the density function
in (3.1) converges to the density function of a random vector having a
skew-normal distribution. The proof of this result is similar to the one
present in Lange and Sinsheimer (1993) [22] for the NI case.

For a SNI random vector, the stochastic representation given below
can be used to quickly simulate pseudo-realizations of Y, and also to
study many of their properties.

Proposition 3.2. For Y ~ SNI,(p, %, X; H) we have

YL p+U1g, (3.2)

with Z ~ SN,(0,3,X) and U a positive random variable with cumulative
distribution function H independent of Z. (Compare Equation (1.1).)
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Proof. This follows from the hypothesis Y|U = u ~ SN, (u,u="13 X).
O

Notice that the stochastic representation given in (2.2) for the NI
case is a specialization of (3.2) for A = 0. Hence, we have extended
the family of NI distributions to the skewed case. Besides, from (1.2) it
follows that (3.2) can be written as

1
Ul/2

YL+ SV2(68|Xo| + (L, — 667)/*X4}, (3.3)
where § = A/V/1+ATA, and U, Xg ~ N;(0,1) and X; ~ N,(0,1,) are
independent. The marginal stochastic representation given in (3.3) is
very important since it allows us to implement the EM-algorithm for a
wide class of linear models similar to those of Lachos et al. (2007) [20].

In the next proposition, we derive a general expression for the mo-
ment generating function of a SNI random vector.

Proposition 3.3. For Y ~ SNI,(p, %, X\; H) and s € RP, we have

My (s) = E[eSTY} :/ QeST“+%“7ISTESCI>1(u71/25T21/2s)dH(u).
0
(3.4)
Proof. From Proposition 3.2, we obtain Y|U = u ~ SN, (p,u"13,X).
Next we get My(s) = Ey [E[eSTY|UH from well known properties of

conditional expectation. As U is a positive random variable with cumu-
lative distribution function H, we derive the proof from the fact that

Z ~ SN, (i, 3, \) implies M,(s) = 2¢3 P33 Xsg, (5T 51/2), O

The next proposition shows that a SNI random vector is invariant
under linear transformations. This, in turn, implies that the marginal
distributions of Y ~ SNI,(p, 3, X; H) are still SNL

Proposition 3.4. LetY ~ SNI,(p, 3, A; H). Then for any fized vector
b € R™ and matriz A € R™*P of full row rank we get

V =b+AY ~ SNI,(b+ Au, ASAT X\ H), (3.5)
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here we have X* = 8" /(1 — 8" 6*)'/2 with §* = (AZAT)"1/2A%/25.
Moreover, if m = p and A is non-singular, then we get \* = \. Also,
for any a € RP, we obtain

alY ~ SNIp(aT,u, a'Xa, \*; H),
where \* = o /(1 — a2)/2, with o = {a Sa(1 + ATA)}/2aTnl/2),

Proof. The proof of this result is direct from Proposition 3.3 since we
have Mpyay(s) = eSTbMy(ATS). When A is non-singular, it is easy
to see that * = & holds. O

Applying Proposition 3.4 to A = [I,,,,0,,], with p; +p2 = p, we ob-

tain the following additional properties of a SINI random vector, related
to the marginal distribution this time.

Corollary 3.5. LetY ~ SNI,(p, X, A; H) and suppose Y is partitioned
as YT = (Y{,Y])T of dimensions p1 and py = p—py, respectively. Let

o B B T T
2_<221 222>7 Il’_(u/17""2)

be the corresponding partitions of 3 and . Then, the marginal density
v + 21_112121}2

of Y1 is SNI, , 2 ,21/25;]{ , where v = , with
f 1 p1 (“’1 11 11 ) \/m
D1 = B0 — Zn B 1 and v = BV = (v],v]) 7. g

Proposition 3.6. Let Y ~ SNI,(u, X, X; H). Then the distribution of
Y., conditionally on Y1 =y1 and U = u, has density

(07 (v - )
(w5 (y1— )

F(yalyr,u) = ¢py (yaltty 1, u” B221) ; (3.6)

with g | = pho + X1 X171 (y1 — py). Furthermore, we get

01 (W8 (y1 — 1) Zopavs

® (w28 (y1 — py)) /1 +v] Saz vz

(3.7)

E[Yaly1,u] = pyy + w2
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Proof. As we have f(yaly1,w) = f(y|u)/f(y1|u), Formula (3.6) for the
density follows after noticing Y|U = u ~ SN, (p,u"12,X) and Y, |U =
w~ SN(pp,ut 3y, 21{2?}). The expectation suggested in (3.7) is con-
firmed by Lemma 8.2 (in the appendix) if we take A = v] (y1 — p;) —
v;u27 B =wvq, p = py 1, and ¥ = 3oy 1. This concludes the proof. [

Note that given u, when we have 357 = 0 and Ay = 0, it is possible
to obtain independence for the components Y, and Y of a SNI random
vector Y. The following corollary is a by-product of Proposition 3.6,
since we have E[Y2|y1] = Ev[E[Yz2|y1, Ully1]-

Proposition 3.7. For Y ~ SNI,(u, 3, X; H) the first moment of Yo,
conditionally on Y1 = y1, is given by

/2T -~
EIYalyi] = gy + —2l¥2 g2 @UUTD D1 m i)

— yil,
V1+vg Bo1v2 (U205 (y1 — py))

with pyy = py + To1 317 (y1 — ) U

The next result can be useful in applications to linear models. For
instance, we can use it when the linear model depends on a vector of un-
observable random effects and a vector of random errors (linear mixed
model) in which the random effects are assumed to have a SNI distribu-
tion and the errors are assumed to have a NI distribution.

Proposition 3.8. Suppose we have X ~ SN I, (py,21,A\, H) and Y ~
NI,(py, X0, H). If there is a positive random variable U with cumulative

distribution function H so that we can write X 2 w+U2Z and Y 2
po+UY2W | with Z ~ SN, (0,21, X) independent of W ~ N,(0,35),
then for any matriz A of dimension p X m we have

AX +Y ~ SNI,(Apy + g, ASIAT + 3o, X, H),

here A, = 8,/\/1— 8, 8., with §, = (AS,AT + %,)"1/2A%Y?5.

Proof. The proof is based on Proposition 3.3. Note first that surely X

20 Pro Mathematica, 28, 56 (2014), 11-53
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and Y are independent. Next, letting V= AX + Y we obtain

Mvy(s) = Eu(E[e® AX|U1Ele Y |U))
oo 1/2
_ / QesTAl’q*ﬁsTAzlAqu)l(6T21/ ATs)esT”2+isT225 dH(u)
0 NG

oo Tel/2 AT
_ / 2CsT(A;Ll+H2)+ﬁsT(A21AT+22)s®1(6 3,77A S)dH(u)
0 u

oo Tal/2
_ QetT(Allq+N2)+ﬁST(A21AT+Zz)S¢1(6* v / S)dH(u),
0 Vu

where ¥ = ASAT +3,, 5, = \Il_1/2A§J}/267 and the proof follows
from Proposition 3.3. O

In the following proposition we derive the mean and the covariance
matrix of a SNI random vector. Furthermore, we present the multidi-
mensional kurtosis coefficient for a random vector SNI, which represent a
extension of the kurtosis coefficient proposed by Azzalini and Capitanio
(1999) [5].

Proposition 3.9. Suppose we have Y ~ SNI,(pu, 3, X;H). Then the
following conditions hold.

a) If E[U~Y/2] < oo, then we have
EY]=p+ \/EE[U”/Q]EUQ(S.
b) If E[U~1] < 0o, then we have
Var[Y] =3, = E[UZ - %EQ[U*/?]El/QaaTzl/?.
¢) If E[lU2?] < oo, then the multidimensional kurtosis coefficient is
E[U~?] E[U3/?)

12(Y) = 570y — Y

E2[U- 1] agy + azy — p(p +2),
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here
ayy, = pp+2)+2(p+2)p, By m, + 30, Ty ' m,)?,
2 Te-1
T (” E[U*l/z]) Hy Sty
2 ™ E[Uﬁl] Te—1 2
* (1 T BT 2 Eo e ) W T )
azy = 2(p+2p, T, w, + 31y, 3y ),

where p,, = E[Y — p] = \/gE[U_lm]Zl/zé,

Proof. The proof of a) and b) follows from Proposition 3.2. To obtain
the expression in ¢) we use the definition of the multivariate kurtosis
introduced by Mardia (1974) [26]. Without loss of generality we take

p =0, so to get p, = E[Y] = \/gE[U_l/Z]El/zé. Note first that the

kurtosis is defined by 12(Y) = E[{(Y — uy)TE?;lY — ,)}?]. Now, by
using the stochastic representation of Y given in (2.2) we obtain

— d — — — — —
(Y—p,)'2) ' Y—p,) U2, 220 P27 S 4+ 1) B M,

where Z ~ SN,(0,%, X). Due to the definition of v5(Y), the proof fol-
lows after some algebraic manipulations involving the first two moments
of a quadratic form (see Genton, He and Liu, (2001) [15]) and Lemma
8.1. O

Note that under the skew-normal distribution condition, i.e, when
U = 1, the multidimensional kurtosis coefficient reduces to v2(Y) =
2(m— 3)(#;—2;11@)2, which is the kurtosis coefficient for a skew-normal
random vector (see for instance, Azzalini and Capitanio (1999) [5]).

Proposition 3.10. If Y ~ SNI,(u, X, X; H), then for any even func-
tion g the distribution of g(Y — p) does not depend on X and has the
same distribution as g(X — p), where X ~ NI,(u,3; H). In particu-
lar, if A is a p x p symmetric matriz, then (Y — u)TA(Y — p) and
(X — p)TA(X — p) are identically distributed.
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Proof. The proof follows from Proposition 3.3; a similar procedure can
be found in Wang et al. (2004) [30]. O

As a by-product of Proposition 3.10 we have the following interesting
result.

Corollary 3.11. Let Y ~ SNI,(u, X, X; H). Then the quadratic form
dy=Y —p)"2HY — )

has the same distribution as d = (X — p) "2 X — p), where X ~
NI, (p, % H). O

Corollary 3.11 is interesting because it allows us in practice to check
models (see Section 5). On the other hand, Corollary 3.11 together with
a result from Lange and Sinsheimer (1993) [22, Section 2] allows us to
obtain the m-th moment of dy.

Corollary 3.12. Let Y ~ SNI,(pu, 3, X\; H). Then for any m > 0 we

have
Bl = 2 D g

3.1 Examples of SNI distributions

We provide several examples of SNI distributions.

o The skew-t distribution ST,(p, 3, A, v) with v degrees of freedom. Con-
sider U ~ Gamma(v/2,v/2). Similar procedures to those of Gupta
(2003) [17, Section 2] lead us to the density function

VUEPA STV (y - )
d+v

F(y) =2t (v, B, v) T ( 0,1,v+p), y € RF,

(3.8)
where, as usual, t,(-|p, X, v) and Tp(-|, X, v) denote, respectively, the
probability density function and cumulative distribution function of the
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Student-t distribution ¢,(p, X, v) as defined in (2.3). Absorbed by the
skew-t distribution is the skew-Cauchy distribution when v = 1. Also,
when v 1 oo, we recover the skew-normal distribution as the limiting
case; see Gupta (2003) [17] for further details. In this case, from Propo-
sition 3.9, the mean and covariance matrix of Y ~ ST,(u, X, A, v) are
given by

=p+\v/ ; 21/26 v>1
(%)

and

Var(¥] = 2w~ (v/m) (o2

5 22266 T2 L > 2.
P

In what follows we give an important result which will be used in
the implementation of the EM algorithm.

Proposition 3.13. If Y ~ ST,(u, X, A\, v), then we have

27»+1l/1//21-\(p+y2+2r )(d + l/) p+v+2r

" = +v427r

B = ——re v T A Lt
and

27'+1/2yu/21-\(p+u2+27‘)(d+V+A2)—w

FT(w/2)ya" B2
where A = X"S7Y2(y — p) and Wy, (z) = ¢1(2)/® (z), for z € R.

Proof. The proof follows from Lemma 1 in Azzalini and Capitanio (2003)
[6, Lemma 1] as we have f(uly) = f(y,w)/f(y) plus

E[U We, (U'?A)] =

EU"y] = ﬁ /Ooo o (ylp, u T E)Pr (u2A) G (v/2, v/2)du

and
2

BV Wa, (U 4)] = 725 / T by~ D)1 (w2 A) G (2, v/2) du,

here the probability density function of the Gamma(y, §) distribution
is given by G, (v/2,v/2). O
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For a skew-t random vector Y, partitioned as YT = (Y| ,Y, )T, we

have from Corollary 1 that Y ~ ST, (pq, 311, 21{25, v) holds. Thus,
from Proposition 3.7 we have the following result.

Corollary 3.14. For Y ~ ST,(pu, 3, X, v) we have

> v/2p(vtpi=l
E[Ys|y1] Mo+ 22-}102 . ((p +12) ) %
V14 0] B0 102 T(1/2)/a P Y |3, [1/2
1 ~T -t
f(yl)(u+dy1 +(© (y1— )% 2
where dy, = (y1 — H1)T2f11 (y1— pq)- U

o The skew-slash distribution SSLy(p, 3, X, v) with the shape parameter
v > 0. With h(u;v) as in (2.6), from Proposition 3.2 can easily be
derived

1
_ by _
f(Y):2V/ w (vl )i (u AT 2y —p), yeRre,
0

(3.9)
The skew-slash distribution becomes the skew-normal distribution when
v 1T oo. See Wang and Genton (2006) [31] for further details. In this
particular case, from Proposition 3.9 we get

2 2
E[Y}=u+\ﬁ—”21/257 v>1/2

T2v—1
and 5 g
14 12
Y] = bl (R E) YVEN ¥ 2 Yk 1.
VarlY] = 7 =3% - 25, =7) vz

As in the skew-t case we have the following results.

Proposition 3.15. ForY ~ SSL,(u, %, X\, v) we get

Yt vtor p+2v+2r d
ot *11/1“(”*22*2 )P ( 5 ,5) 12
E[®(S7A)],

fy)v/mP| ]/

_ pt2v+ar
2

E[U"ly] =
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2 2r d
where S; ~ Gamma(%, E)H(o,n; and
E[U"Wae, (UY?A)] =
_ QUtTH1/2),p(2rtpear) (@4 A7)~ 2B P1(2V +129 + Qr’ d +2A2 )

AN IRE

here P.(a,b) is the cumulative distribution function of the Gamma(a,b)
distribution evaluated at x. d

Corollary 3.16. If Y ~ SSL,(p, X, X, v) then we have

322.1V2
E[Ysly)] = +
el = et e
B _ _pit2v-1
2y DD + (@ ()2
f(y1) \/E(p1+1)‘211|1/2
pLt2v—1 dy + @ (y1—p))?
Pl( 9 ) 2 )7
where dy, = (y1 — 1) 217 (y1 — p)- -

o The contaminated skew-normal distribution SCN,(p, X, X, v,7y) with
0<v<1,0<+vy<1. Taking h(u;v) as in (2.8), we get in a straight-
forward manner

fy) = 2{wz>p<y|u7%)%(WWz*W(y—u))

(1= 1)y (vl D)L ATET 2 (y — )} (3.10)

In this case the contaminated skew-normal distribution reduces to
the skew-normal distribution when v = 1. Hence, the mean vector and
the covariance matrix are given, respectively, by

2 1% 1/2
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and

v

2
VarlY] = (L +1-0)8 - 2(2_ +1-0)?n1/265 512,
y

P A1/2
From (3.10) we derive the following results.

Proposition 3.17. For Y ~ SCN,(p, X, A, v,7) we get
i, 2 _
UV = 55 " on (vl )1 (72 A) + (1= ) (y |, Z)P1(A)]
and
E[U Wa, (U2 4)] =

iy)[uwp(ym,v-lzm(v“ﬂ) + (1= 1)y (yl )1 (A)].

I(
(]
Corollary 3.18. For Y ~ SCN,(p,3, A, v,7) we get
2¥20.1vV2
EY:ly Mo+ X
Yol 2 Ff(y1)V1+vg Xos v

(77260 (I, 1)1 (1175 (1 — )+

(1= )69 (1112, Z1)61 (B (31 = 1))
where dy, = (y1 — py) TS5 (v1 — o). O

Remark 3.19. The stochastic representation given by Equation (2.2)
can be used to obtain the slash Student. Let U; (with probability density
function as in (2.6)), Uz ~ Gamma(v/2,v/2) (with v > 0), and X ~
N,(0, %) be all independently distributed. Then

Y £+ U7 U X (3.11)

has a slash student distribution (Tang and Peng (2006) [29]). The proof
follows from the formula

T =U, " *X ~ t,(p, S, v).
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Remark 3.20. If X ~ SN, (0,3, A), then Y in (3.11) has a skew-slash
student distribution as shown by Tang and Peng (2006) [29]. Obviously,
many other distributions can be constructed by choosing appropriate
probability density functions (i.e, h(.;v)) for Uy and Us.

0.8
|

— SN
--- ST

SNC
-- ssL

T T T T T
-2 0 2 4 6 8

Figure 1: Density curves of the univariate skew-normal, skew-t, skew-slash
and contaminated skew-normal distributions.

In Figure 1 we drew the density of the standard distribution SN (3)
together with the standard densities of the distributions ST4(3,2), SSL,
(3,1) and SNC1(3,0.5,0.5). They are rescaled to take the same value at
the origin. The four densities are positively skewed. The skew-slash and
skew-t distributions have much heavier tails than the skew-normal dis-
tribution. Actually, the skew-slash and the skew-t distributions do not
have finite means nor variances. Figure 2 depicts some contours of the
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densities associated with the standard bivariate skew-normal distribution
SN3(A), the standard bivariate skew-t distribution ST5(A,2), the stan-
dard bivariate skew-slash distribution SSLs(A, 1), and the standard bi-
variate contaminated skew-normal distribution SCNy(A, 0.5, 0.5), with
A= (2,1)T for all the distributions. Note that these contours are not
elliptical and they can be strongly asymmetric depending on the choice
of the parameters.

(a (b)

0 5 10 0 5 10

(c) (d)

-2

0 5 10 0 5 10

Figure 2: Contour plot of some elements of the standard bivariate SNI family.
(a) SN2(A), (b) ST2(A,2), (¢) SCN2(A,0.5,0.5), and (d) SSL2(\,1), where
A=(2,17.
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Figure 3: Box-plots of the sample mean (left panel) and sample median (right
panel) on 500 samples of size n=100 from the four standardized distributions:
SNi1(3), STi(3,2), SSL1(3,1), and SNC1(3,0.9,0.1). The respective means
are adjusted to zero.

3.2 A Simulation study

To illustrate the usefulness of the SNI distribution, we perform a small
simulation in order to study the behavior of two location estimators,
the sample mean and the sample median under four different standard
univariate settings. In particular, we consider a standard skew-normal
SN1(3), askew-t ST1(3,2), a skew-slash SSL;(3,1), and a contaminated
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skew-normal SC'N1(3,0.9,0.1). The mean of all the asymmetric distri-
butions is adjusted to zero, so that all four distributions are comparable.
Thus, this setting represents four distributions with the same mean, but
with different tail behaviors and skewness. Note that the skew-slash and
skew-t will have infinite variance when v = 1, v = 2, respectively. We
simulate 500 samples of size n = 100 for them. For each sample, we
compute the sample mean and the sample median and report the box-
plot for each distribution in Figure 3. In the left panel all box-plots of
the estimated means are centered around zero but have larger variability
for the heavy-tailed distributions (skew-t and skew-slash). In the right
panel the box-plots of the estimated medians have a slightly larger vari-
ability for the skew-normal and skew-contaminated normal, and have a
much smaller variability for skew-t and skew-slash distributions. This
indicates that the median is a robust estimator of location at asymmet-
ric light-tailed distributions. On the other hand, the median estimator
becomes biased as soon as unexpected skewness and heavy-tailed arise
in the underlying distribution.

4. Maximum likelihood estimation

This section presents an EM-algorithm to perform maximum likelihood
estimation for two multivariate SNI models of considerable practical in-
terest.

4.1 Multivariate SNI responses

Suppose that we have observations on n independent individuals, Aq,. ..,
An, where A; ~ SNI,(p, 3, A\; H), ¢ = 1,...,n. . The parameter vector
is@=(u",vy", )\T)T7 where « denotes a minimal set of parameters such
that 3(-y) is well defined (e.g., the upper triangular elements of 3 in the
unstructured case).

In what follows, we illustrate the implementation of likelihood infer-
ence for the multivariate SNI via the EM-algorithm. The EM-algorithm
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is a popular iterative algorithm for maximum likelihood estimation for
models with incomplete data. More specifically, let y denote the ob-
served data and s the missing one. The complete data y, = (y,s) is y
augmented with s. We denote by £.(0]y.) (with 6 € ©) the complete-
data log-likelihood function and by Q(0|8) = E[(.(6]y.)|y,8] the ex-
pected complete-data log-likelihood function. Each iteration of the EM-
algorithm involves two steps, an E-step and a M-step, defined as follows.

e E-step: Compute Q(0|0(T)) as a function of 6.
e M-step: Find 87V such that Q(8"V|0(") = maxg.@ Q816™M).

By using (3.3), the setup defined above can be written as

YT, =t Ui = ws, 2 Ny(p+ 5726, u7 ' SV2(1, — 66 T)EV/?)(4.1)
ii 1

TU; =u; % HN(0, ) (4.2)
%

Ui i’rlfi h(ui;u), (43)

all independent, where HN7(0,1) denotes the univariate standard half-
normal distribution (see |Xo| = |7To| in Equation (1.2) or Johnson et
al. (1994) [18]). We assume that the parameter vector v is known.
In practice, the optimum value of v can be determined using the profile
likelihood and the Schwarz information criterion (see Lange et al. (1989)
23)).

Lety = (y{,...,y) T, u= (us,...,un) ", and t = (t1,...,,)"
Then, under the hierarchical representation (4.1)—(4.2), with A = /2§
and =% — AAT, it follows that the complete log-likelihood function
associated with y, = (y ",u’,t")7 is given by

n 1<
L.(Bly.) =c— =log|T| — = i(yi —p—AL) T Ny — p— At
(Blye) = ¢~ 5 log|T| 2¢§=1u(y 7 ) (yi—n ),
where ¢ is a constant independent of the parameter vector 8. By letting

U = E[U:|0 = 0,y.), ut; = B[UT;|0 = 6,y,] , ut? = E[U/T?|6 = 6,4,
and using known properties of conditional expectation we obtain

ut; = Uifiri + MTﬁ:i 4.4
uﬁ = aZﬁTl + M% + MTil/’ZTiﬁ’ (45)
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1/2~
with 7 = B0 *Wa, ("), Wa, () = 1(0)/1 o), 3 =
AT a1 Tt
1/1+A I A)and fig, :M%iA ' (yi—p),i=1,...,n.

As we have % = AT271/2(yi — ), the conditional expectations
given in (4.4)-(4.5), specifically @; and 7, can be easily derived from
the results of Section 3.1. Thus, at least for the skew-t and skew-
contaminated normal distributions of the SNI class we have closed-form
expressions for the quantities u; and 7;. For the skew-slash case, Monte
Carlo integration may be employed, which yield the so-called MC-EM
algorithm.

It follows, after some simple algebra involving (4.4)—(4.5), that the
conditional expectation of the complete log-likelihood function has the
form

E[lc(6ly.)]y, 6]

n RN _
c—Elog|I‘\—§Zui(yi—u)Tr Yyi — )
i=1

Q(6]6)

n /\ 1 n _
+> uti(y; —p) T A - 5 > ut;,ATTTA.
=1

i=1
We then have the following EM-type algorithm.
E-step: Given 6 = 6, compute Jt\?, ut; and @ using (4.4)—(4.5).

M-step: Update 0 by maximizing Q(0|§) over @, which leads us to the
following closed-form expressions

A= S (- Ay (> ), (46)
i=1 i=1
~ 1 e - —
r = - [uz‘(yi —w)(yi—p) —2ut Ay, —p) + ut?AAT} :
=1
A — Yoty uti(yi — )
Z?:l “t?

The skewness parameter vector and the unstructured scale matrix
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& & aaT ~  a-1/24
can be estimated by the equalities X =I'+ AA and A=X / A/(1-

ATEA)_IA)UQ. It is clear that when A = 0 (or when A = 0), the M-step
equations reduce to the equations obtained assuming normal/indepen-
dent distribution. This algorithm clearly generalizes results found in
Lachos et al. (2007) [20, Section 2] by taking U; = 1, i = 1,...,n.
Useful starting values required to implement this algorithm are those
obtained under the normality assumption, with the starting values for
the skewness parameter vector set equal to 0. However, in order to
ensure that the true ML estimate is identified, we recommend running
the EM algorithm using a range of different starting values. The log-
likelihood function for @ = (u',~T,A")T, given the observed sample
y=(y{,...,y1)T, is of the form

(0) =310 (1.7
i=1
1
where ¢;(0) = log2 — glogQW —5 log |X| + log K;, with

[e o]

) 1

Ki = KZ(O) = / u‘f/2 exp{—iuzdl}q)l(ull/QAl)dH(uz),
0

where d; = (y; — ) "= (yi — ) and A; = ATE " (y; — p). BExplicit

expressions for the observed information matrix can be derived from the

results presented in Section 5.

4.2 Multivariate measurement error model

In this section we further apply the SNI distribution to a multivariate
measurement error model. Let n be the sample size, X; the observed
value in unit ¢ of the covariate, y;; the j-th observed response in unit
i, and z; the unobserved (true) covariate value for unit ¢; here i ranges
from 1 to n, and j from 1 to r. Relating these variables we postulate as
working model (see also Barnett (1969) [8] and Shyr and Gleser (1986)
[28]) the equations
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and

Z; = o+ Bx; +e, (4.9)
where Z; = (zi1,...,2ir) is the vector of responses for the i-th exper-
imental unit, e; = (ej1,...,€)  is a random vector of measurement

errors of dimension r, and o = (ay,...,a,.) ", 8 = (B1,..., )" are pa-
rameter vectors of dimension 7.

Set €; = (u;,e; )" and Y; = (X;,Z])7. Then the model defined

)

by Equations (4.8)—(4.9) can be rewritten as

where a = (0,a)T and b= (1,87)T are p x 1 vectors, with p =7 + 1.
We assume

()2 svna () peno) (5)em). @

where D(¢y, p) = diag(de, ¢1,...,¢p) ", with ¢ = (¢1,...,¢p), called
structural SNI-MMEM. From (2.2), this formulation implies

TNUs = ui ~ SNy ((17) L u D (00, ), s ) (4.12)
(<) () (v))

From Corollary 3.5, marginally we get

€PN T, 1 (0,D(¢); H) and z; % SNy (11, oy Ap3 H).  (4.14)

The asymmetric parameter A, incorporates asymmetry in the latent
variable z; and consequently in the observed quantities Y;, which will be
shown to have marginally multivariate SNI distributions. If A\, = 0, then
the asymmetric model reduces to the symmetric MMEM considering NI
distributions. Under (4.11), it follows from (1.2) that the regression
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setup defined in (4.8)—(4.11) can be written hierarchically as

Y |2 Ui=u; % Ny(a+ba,u 'D(e)), (4.15)

x| Ty =t;,U; = u; ! Ni(pe + ¢glc/25zti7u;1¢r(1 —62)), (4.16)
ii 1

T, % HNy(0, -, (4.17)

U; id h(ug; v), (4.18)

all independent, where §, = \,/(1 + A2)!/2. As in Lange et al. (1989)
[23], we assumed v to be known. Classical inference on the parameter
vector @ = (&', 8,0 ", iz, ¢z, Az) | in this type of model is based on
the marginal distribution for Y; given in the following proposition (see
Bolfarine and Galea-Rojas (1995) [10]).

Proposition 4.1. For the structural SNI-MMEM model (4.8)-(4.11),
the marginal distribution of Y; is given by

fy:(yil€) = 2/ Syl ui T2) @1 (u) PN, 7V (y; — p))dH (u;)
’ (4.19)
(i.e., by Y; % SNI(p, S, Ay H), with p = a+ by, T = ¢,bb’ +
D(¢), and Ay = 2282 b poro p (5,71 BT DL ()b)"L).

Vet AIAL
Proof. The proof is a direct consequence of Proposition 3.8 after some
algebraic manipulations. O

It follows that the log-likelihood function for 6, given the observed
sample y = (y{,...,yn) ", is

(0) =3 4.(0). (420)
=1
where £;(8) = log2 — glog%r - %log 12| + log K, with
o0 1
K; = K;(0) = / u?/z exp{fguidi}Cbl(u:mAi) dH (u;),
0
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and p, 2, X, as in Proposition 4.1. Here d; = (y; — p) "2 Yy — )

X —— .
and A; = A, 2" Y%(y; — p) = Aga; hold with A, = ﬁ and
a; = (yi —p) ' D7 (¢)b.

The ML estimators of the parameters in the model (4.10)—(4.11) can
be found by direct maximization of the log-likelihood (4.20) which can be
computed numerically using the optim routine in platform R or fmincon
in Matlab. An oft-voiced complaint about these methods is that they
may not converge unless good starting values are provided. The EM
algorithm —which takes advantage of being insensitive to the stating
values— is a tool that requires the construction of unobserved data, and
has been well developed and has become a broadly applicable approach
to the iterative computation of ML estimates. Thus, if we let y =
(i, .y, x=(z1,..,zn) T, u= (ur,. . yun) Tt = (b1, tn) T,

= ¢p(1 —62) and 7, = :15/26357 it follows that the complete log-
likelihood function associated with (y,x,t,u) is given by

£e(Oly. x.t0) o~ log(|D(9)]) (4.21)

_% ;“i(yi —a—bz;) D' (¢)(yi —a—bz;) (4.22)

n 2 1 <« o _ N2
—5 log(vz) — @;u(x fe — Toti)?. (4.23)
Letting @; = E[Ui[0,y.], ul = B[U:[0,y.], £ = E[2]8,y], wz; =
EU; xZ\O yil, uz? = E[U;2? |0,y1] and utz; = E[Uitixi\a, yi] we obtain
R e UMy
ut; = uluTH—MTE[U Was, (7)|97y1] (4.24)
Mt
0 ~-2 | TF2 AT~ 1/2 U, /2’\ ~
= Wiy, + Mi + Mrfir E[U;* Wa, (Z="2)(0, v,
My
— T I T S~ B P PN 2 3
ur; = T u;+38suty, ury =T, +7T; u; +2r;5 ut; +57 t3,
ut; = 7 uAti-I—gtA?,

where My~ = [1 + 227 (D(@) + yﬁbbT) B, fir, = AM2BT
(D(@) + 77bbT) " (y; — & — bi,), To = 5 °[1 + 7°6 T D~L(@)b] Y,

Pro Mathematica, 28, 56 (2014), 11-53 37



Victor H. Lachos, Filidor V. Labra

~2~ ~ ~ ~2~ ~ o~
75 = e +Ty b' D7 Y¢)(y; —a—bfi,), and §=T,(1-T, bT D~ (¢)b).
1/2~ N
A closed-form expression for E[Uil/ 2W¢1(%)|0,yi] can be found
T
from the results given in Section 3.1.
In this way we have the following EM type algorithm.

E-step: Given 0 = 0, compute u;, t:z, uti, Uk, 17:1:\12, and utz; using
(4.24).

M-step: Update 0 by maximizing F[(.(0y,x,t, u)|y,§] over @; which
leads to

a = 7z, —T,0,
n —~ —
B _ Doi UTi(Zi — Zw)
- — _ )
S ua? — nuzs
n
In 1 ~ 2 —~ )
¢1 = E E (UZX,L — QU.Z'I'XZ‘ +U£L‘Zv),
i=1
1 < —
N _ ~ 92 ~ 2 2 2 ~
i1 = - E (wiz; + Wy + Biury — 2u;a 25 —
=1
2y, 85uz; + 205 B;0%;),  j=1,...,7,
n n
~ _ ~7 ~2 1 ) ~ o~ 1 —
Le = Ty — Taly, Uy =— g (uz? — [p0x;) — Tp— E utx;,
n n <
=1 =1
n — o~
- Yoiq (utz; — Tyut;)
x - -~ ~
n 2 I
Do (8 — tyuty)
= M Wiz — 2y ux; 7 Doy wt; = _ 1 noo~
where z, = S T = SR = S and = > " Us.

When U; = 11, the M—stello equations reduce to the equations ob-
tained by Lachos et al. (2005) [21] under the skew-normal distribution.
When A, = 0 (or when 7, = 0), the M-step equations become the
equations by Bolfarine and Galea-Rojas (1995) [10]. Moreover, when
U ~ Gamma(v/2,v/2) and A\, = 0, the M-step reduces to equations
obtained by Bolfarine and Galea-Rojas (1996) [11]. The shape and scale
parameters of the latent variable z can be estimated by noting the equal-
ities 7, /v, = A\ and ¢, = 72 + V2.
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We now consider an empirical Bayes inference for the latent variable
that is useful for estimating the x; quantities. Models (4.10) and (4.14)
imply Y;|z; ~ NI,(a+ bz, D(¢); H) and x; ~ SNIi(pig, 02, A\y; H).
The conditional density of x;, given y;, u;, is
(191('11}/2 Ao (Ti—pa) )

4 oy

F@ilyi wi) = ¢g(@ilpe + Apai, uy ' Ay)

i)
where A, and a;, A; are as in Proposition 4.1 and Equation (4.20),
respectively. It follows from Lemma 8.1 in the appendix that we have

/2 Ax/\m 1/2
V1+A2A, = (u; )

and as Elz|y] = Ey|[E[z|y,U]|y] holds, we conclude that the minimum
mean-square error (MSE) estimator of x; obtained by the conditional
mean of x;, given y;, is

Elxilyi, ui] = po + Apa; + u;l

~ Az )z —1/2 ¢1(U~1/2Ai)
Zi = Elzilys] = pte + Apai + ——222 _plu7V2ERZ S 000 (4.25
[zilyi] = p EDTw [ <I>1(U3/2AZ-)‘y] (4.25)

If Y, has distribution ST, (p, 2, Az, v) or SCN,(p, X, Az, v,7), then
we obtain closed-form expressions for the expected values given in (4.25)
from the results exhibited in Section 3.1. In practice the Bayes estimator

of z;, namely Z;, can be obtained by substituting the ML estimate 0 into
(4.25).

5. The observed information matrix

In this section we develop the observed information matrix in a general
form. Suppose that we have observations on n independent individuals
ALy ..oy An, where Ay ~ SNT,. (8;(8), 2:(7), Ai(A); H). Then the log-
likelihood function for 8 = (8",4T,A")T € RY, given the observed
sample y = (y{,...,y1)T, is of the form

(o) =Y i6), (5.1)
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i 1 .
where ¢;(0) = log2 — %logQw 3 log |3;| + log K;, with
o 1
K;=K;0) = / u; /2 exp{fiuidi}i’l(u;/gAi)dH(ui),
0

and d; = (yi — 1) 2 (vi — 1), A = N 27 (yi — py). Using the
notation

~
S
—~
g
=
I

/ uj exp{—fuld 14 (u 1/2Ai)dH(ui),
OOO
IPw) = / ulf expl — iy () 4110, 1)dH (),
0
(so that K;(0) can be expressed as K;(8) = I* (%)), it follows that the
matrix of second derivatives with respect to 6 is just

- 0%(0)
b= _ZaeaoT (5:2)

n

_ _726210g|2\ 1 0K, 0K; 2”: 1 0%K;

(5.3)

90007 < K? 96 96" K 0699’

z A; d; K,
where here we have 2 If( 2 ) ;% (s ) 5 and o =
170 n;+4y9d; dd; A ni+2y 9%d; 1 3y ad; | dd; DA,

17 ("57) 5 5ot — *I (5 )89269T = 317 (M52) (g opt + B oot) —
; 9A; DA, 524,
Id)(n 52)Ai %5 g +Iq>( ) 550

From Propositions 3.13, 3.15, and 3.17 we have that for each distri-
bution considered in this work, the integrates can be written as follows.

o Skew-t:

w u/?
IPw) = 2 Lw+v/2) ((d;4)1/2\/2w+u|0,1,2w+l/>,
+

DO/ +dy e

qw l/u/2

u+2w
V27T (v/2) (d +AZ+v

I (w) )
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o Skew-slash:

Py = P b ) pasta)
w+Hv . 2
) = e A e SR,
where S; ~ Gamma(w + v, %)H(o,n-
e Contaminated skew-normal:
IFw) = V2r{:y" 2eu(dilo, %)‘I’(’Yl/zAi) + (1 = v)¢1(di]0, 1)@ (A:) }
) = oyl A0, 2) (1= 1)+ A7),

In many situations the derivatives of log ¥;, d;, and A; involve com-
plicated algebraic manipulation. For SNI-MEM, the derivatives of log 3,
d;, and A; can be found in Lachos et al. (2007) [20]. Asymptotic con-
fidence intervals and test on the maximun likelihood estimators can be
obtained using this matrix. Thus, if J = —L denotes the observed in-
formation matrix for the marginal log-likelihood ¢(8), then asymptotic
confidence intervals and hypotheses tests for the parameter 6 € RY are
obtained once we assume the MLE 0 has approximately a N,(8,J71)
distribution. In practice, J is usually unknown and has to be replaced
by its maximun likelihood estimation J, that is, the matrix J evaluated
at . More generally speaking, for models as those in Proposition 3.7,
the observed information matrix can be derived from the results given
here.

6. Some examples

We illustrate the usefulness of the proposed class of distributions by
applying them to two real data sets. The first example is an application
of the methodology for univariate SNI responses, while the second is an
application of SNI-MEM with p = 5.
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6.1 Fiber-glass data set

In this section we apply four specific distributions of the skew nor-
mal/independent class, specifically, the univariate skew-normal, skew-
t, skew-slash, and skew-contaminated normal, to fit the data on the
breaking strength of 1.5cm long glass fiber, consisting of 63 observa-
tions. Jones and Faddy (2003) [19] and Wang and Genton (2006) [31]
had previously analyzed this data with a skew-t and a skew-slash distri-
bution, respectively. They both reported a strong presence of skewness
on the left as well as a heavy-tailed behavior of the data, as depicted in
Figure 4. We compare in the sequel the skew-normal (SN), skew-t (ST),
contaminated skew-normal (SCN), and skew-slash (SSL) fitting for this
data set. The resulting parameter estimates for the four models is given
in Table 1. As suggested by Lange et al. (1989) [23], for each model the
Schwarz information criterion was used for choosing the value of v. This
strategy is illustrated in Figure 5. Figure 4 shows the histogram of the
fiber data superimposed with the fitted curves of the densities from the
four considered models. We observe that the contaminated skew-normal
fits the fiber data better than the other three distributions, especially
at the peak part of the histogram. This conclusion is also supported by
the log-likelihoods given in Table 1. Replacing the ML estimates of 8 in
the Mahalanobis distance d; = (y; — u)?/o%, we present Q-Q plots and
envelopes in Figure 6 (lines represent the 5th percentile, the mean, and
the 95th percentile of 100 simulated points for each observation). Plots
in Figure 6 again provide strong evidence that the SNI distributions
provides a better fit than the skew-normal distribution.

6.2 Chipkevitch et al. (1996) [12] data set

In this application, the multivariate skew-normal, skew-t, skew-slash,
and skew-contaminated normal distributions are applied to fit the data
studied by Chipkevitch et al. (1996) [12], where measurements of the tes-
ticular volume of 42 adolescents were converted to certain sequences by
five different techniques: ultrasound (US), a graphical method proposed
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Figure 4: The histogram of the fiber grass strength superimposed with the
fitted densities curves of the four distributions.

distribution m o A v o4 Log-likelihood

SN 1.8503 0.4705 -2.6789 - -

(0.0468)  (0.0464)  (0.7513) -13.9571
ST 1.7549 0.2725 -1.6196 3 -

(0.045) (10.0353) (0.6523) -11.7546
SCN 1.7241 0.1615 -1.2940 0.5 0.10

(0.0393)  (0.0187)  (0.5080) -9.1928
SSL 1.805591  0.2989667 -1.870298 1.7 -

(0.0461)  (0.0366)  (0.6320) -12.9367

Table 1: MLE of the four fitted models on the fiber grass strength data set.
Standard errors are based on the observed information matrix of Section 5.
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() (b)
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Figure 5: Plot of the profile log-likelihood for fitting (a) a skew-t model for
fiber grass strength, (b) a contaminated skew-normal model for Chipkevitch
data.

by the authors (I), dimensional measurement (II), Prader orchidometer
(III), and ring orchidometer (IV). The ultrasound approach is assumed
to be the reference measurement device. A histogram of the measure-
ments (see Figure 7c) shows a certain asymmetry in the data set so that
Galea-Rojas et al. (2002) [14] recommended a cubic root transformation
to achieve better normality. Resulting parameter estimates for the four
models are given in Table 2. The AIC criterion was used for choosing
among some values of v. For the ST model we found v = 6, for the
SSL v = 3, and for the SCN v = 0.3, v = 0.3. Therefore, for the three
models a heavy-tailed distribution will be assumed. We can note from
Table 2 that the intercept and slope estimates are similar among the four
fitted models. However, the standard errors of the SNI distributions are
smaller than the ones for the skew-normal model, indicating that the
three models with longer than skew-normal tails seem to produce more
accurate maximum likelihood estimates. The estimates for the variance
components are not comparable since they are in a different scale. Note
also that the log-likelihood values, shown at the bottom of Table 2, favor
the SNI models. Particularly, we can see that the skew-t distribution fits
the data better than the other three. The plots in Figure 7 provide even
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Figure 6: Fiber grass strength data set. Q-Q plots and simulated envelopes:
(a) skew-normal model, (b) contaminated skew-normal model, (c) skew-t
model, and (d) skew-slash model.

stronger evidence that the ST distribution allows a better fit to the data
than the SN distribution.
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Figure 7: The Chipkevitch data set: (a) Q-Q plots and simulated envelopes for
skew-normal model, (b) skew-t model, (c) histogram of the observed measure-
ment, (d) histogram of the reference device measurement with superimposed
fitted SNI densities.
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Ly

SN ST SCN SSL
Parameter Estimate SE Estimate SE Estimate SE Estimate SE

ay 0.1022 0.5655 0.0426 0.4940 0.1559 0.5017 0.1226 0.5317
az -0.0096 0.6216 -0.2472 0.5261 -0.1527 0.5227 -0.1716 0.5777
as 0.0483 0.6277 0.1110 0.5674 0.1464 0.5643 0.1027 0.5999
g 1.5391 3+ 1.5444 0.5605 1.6404 0.5729 1.5784 0.5978
B 0.8838 0.0509 0.8990 0.0513 0.8911 0.0511 0.8887 0.0517
B2 0.9495 0.0559 0.9866 0.0565 0.9782 0.0547 0.9754 0.0577
B3 1.1419 0.0565 1.1537 0.0586 1.1540 0.0574 1.1466 0.0583
Ba 1.0826 0.0570 1.0957 0.0579 1.0885 0.0584 1.0864 0.0578
o 1.3384 0.3714 0.9291 0.2893 0.7467 0.2240 0.8345 0.2508
b2 1.3284 0.3480 0.9538 0.2841 0.7972 0.2225 0.8405 0.2369
b3 1.6736 0.4322 0.9028 0.2960 0.7294 0.2105 0.8938 0.2849
P4 1.1578 0.3710 0.9481 0.3160 0.7845 0.2537 0.7998 0.2581
b5 1.4105 0.3994 1.0196 0.3385 0.9119 0.2761 0.9080 0.2783
Pz 3.9952 1.3958 4.1688 1.0890 4.2784 1.3844 4.1830 1.3096
a? 59.2857  21.5487  38.1512  14.3057  30.9914  13.6063  35.0036  13.3506
As 4.7842 4.7925 3.4300 2.4361 3.2404 2.8759 3.7562 3.2021
v - - 6 - 0.3 - 3 -

¥ - - - - 0.3 - - -

log-likelihood -422.1628 -416.7776 -415.9791 -419.3461

Table 2: Results of fitting skew-normal and SNI-MEM to the Chipkevitch data. Standard errors are

based on the observed information matrix of Section 5.
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7. Conclusion

In this work we have defined a new family of asymmetric models by ex-
tending the symmetric normal/independent family. Our proposal gen-
eralizes results by Azzalini and Capitanio (2003) [6], Gupta (2003) [17],
and Wang and Genton (2006) [31]. In addition, we have developed a gen-
eral method based on the EM algorithm for estimating the parameters
of the skew-normal/independent distributions. Closed-form expressions
were derived for the iterative estimation processes based on the fact that
the proposed distributions possess a stochastic representation that can
be used to represent them hierarchically. This stochastic representation
also allows us to study many of its properties easily. We believe that the
approaches proposed here can be applied to other asymmetric multivari-
ate models like those proposed by Branco and Dey (2001) [9, Section 3].
The assessment of influence of data and model assumption on the result
of the statistical analysis is a key aspect of any new class of distribution.
We are currently exploring the local influence and residual analysis to
address this issue.

8. Appendix: some lemmas

Now we take care of some technical lemmas needed in Section 3.

Lemma 8.1. Let Y ~ SN,(A). Then for any fized p-dimensional vector
b and a p x p matricx A we have

E[YTAYb'Y] = ,@ [(6TAS +tr(A)b"8 + 25" Ab],

where & is as in (3.3).

Proof. The proof follows by the stochastic representation of Y given in
(1.2) and the calculation of the moments E[|Xy|] and E[|Xo|?], when
Xo ~ N(0,1). O
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Lemma 8.2. Let Y € RP be a random vector with
Fylu) = k™ (w)p(ylp, u™ ' B) @y (u' 2 A+ u!/*BTy)

as probability density function, with u a positive constant, A € R, B a

A+BT
ul/? +B pn

p-dimensional vector, and k(u) = ®q( ) a standardized

Vv1+BTYXB
constant. Then we have
B A+BTp
ElYlu=p+u?— W, (v ).
Yl = viosss " s

Proof. If we notice, by using Lemma 2 from Arellano-Valle et al. (2005)
[2], that

E[Yl] = k(u / / Y1t 2 A+ BTy, 1) (ylp, u” S)dedy
RJO

k7t (w) / o1t ?A+u'PB  pu, 1+ BT SB)Ey,[Y]dt
0

holds, where Y|t ~ N,(u — AB(A + BT p) + v~ Y/2ABt,u"'A), with
A= (' +BBT)"!, then the proof follows from well known properties
of the truncated normal distribution (compare Johnson et al. (1994) [18,
Section 10.1]). O

Lemma 8.3. Let Y ~ Gamma(a, ). Then for any a € R we have
a
E[®1(a\/(Y))] = T1(ay /B'O’ 1,20).
Proof. See Azallini and Capitanio (2003) [6, Lemma 1]. O
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Resumen

Liu (1996) discute una clase de distribuciones robustas a las que apela
como normal/independiente, y que contiene un grupo de distribuciones
de colas pesadas. En este articulo desarrollamos una versién asimétrica
de tales distribuciones en un escenario multivariado, a las que llamaremos
distruciones normales asimétricas independientes multivariadas. Para
tales distribuciones derivamos algunas propiedades. La principal vir-
tud de los miembros de esta familia es que son féciles de simular y se
prestan a un algoritmo de tipo EM para realizar estimaciones de maxima
verosimilitud de sus parametros. Para dos modelos multivariados de in-
terés practico se discute el algoritmo EM con énfasis en las distribuciones
t-asimétrica, slash asimétrica y normal asimétrica contaminada. Los re-
sultados obtenidos a partir de simulaciones y de dos conjuntos de datos
reales son reportados.

Palabras clave: Algoritmo EM, normal/independiente.
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