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Abstract

Scale mixture of normal distributions are often used as a challenging family
for statistical procedures of symmetrical data. In this article, we have defined
a skewed version of these distributions and we have derived several of its prob-
abilistic and inferential properties. The main virtue of the members of this
family of distributions is that they are easy to simulate from and they also sup-
ply genuine EM algorithms for maximum likelihood estimation. For univariate
skewed responses, the EM-type algorithm has been discussed with emphasis
on the skew-t, skew-slash, skew-contaminated normal and skew-exponential
power distributions. Some simplifying and unifying results are also noted with
the Fisher informating matrix, which is derived in closed form for some distri-
butions in the family. Results obtained from simulated and real data sets are
reported illustrating the usefulness of the proposed methodology. The main
conclusion in reanalyzing a data set previously studied is that the models so
far entertained are clearly not the most adequate ones.
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1 Introduction

The scale mixture of normal distributions (Andrews and Mallows, 1974) provide a
group of thick-tailed distributions that are often used for robust inference of sym-
metrical data. The theory and application (through simulation or experimentation)
often generate a great amount of data sets that are skewed or heavy-tailed as, for
instance, the data on family income (Azzalini et al., 2003) or substance concen-
tration (Galea-Rojas et al., 2003 and Lachos and Bolfarine, 2007). Thus, we need
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appropriate distributions to fit and simulate these skewed or heavy-tailed data. Can-
didate distributions at our disposal for fitting and simulating these data are not very
abundant in the literature. In this article, we propose a new family of distributions
that combine skewness with heavy tails. Moreover, this distribution is attractive
because it has a stochastic representation that allows easy implementation of the
EM-algorithm and it also facilitates the study of many of its properties. Our pro-
posal generalizes recent results found mainly in Lange and Sinsheimer (1993) (see
also Andrews and Mallows, 1974).

A simpler departure from the normal distribution which allows defining the uni-
variate skew-normal distribution with probability density function (pdf) given by

£(9) = 20yl )%, (M) . yeR 1)
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was proposed by Azzalini (1985), where ¢(.|i, 0%) stands for the probability density
function (pdf) of the normal distribution with mean p and variance o2, ®;(.) repre-
sents the cumulative distribution function (cdf) of the standard normal distribution.
It is well known that asymmetry range for this distribution is (—0.995,0.995). An
extension to the multivariate setting was proposed by Arellano—Valle, Bolfarine and
Lachos (2005) (see also Azzalini and Dalla—Valle, 1996). When A = 0, the skew
normal distribution reduces to the normal distribution (y ~ N(u,0?)). A random
variable y with pdf as in (1), will be denoted by SN(y, 02, \). Its marginal stochastic
representation (Henze, 1986), which can be used to derive several of its properties,
is given by
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where |Ty| denotes the absolute value of Tp, Ty ~ N1(0, 1) and 7 ~ N(0, 1) are inde-

pendent, and ¢ 2 7 means “distributed as”. From (2) it follows that the expectation
and variance of y are given, respectively, by

ElY] = ,u—i—\/gaé, (3)

Varly] = 02(1—252). ()

Reasoning as Azzalini (1985) and Azzalini and Capitanio (2003), it is natural to con-
struct univariate and multivariate distributions that combine skewness with heavy
tails. For instance, one can define skew-t distributions (Sahu, Dey and Branco,
2003), skew-Cauchy distributions (Arnold and Beaver, 2000), skew-slash distribu-
tions (Wang and Genton, 2006), skew-slash-t distributions (Tan and Peng, 2006),
skew-elliptical distributions (Azzalini and Capitanio, 1999; Branco and Dey, 2001;
Sahu, Dey and Branco, 2003; Genton and Loperfido, 2005). Differently from the
ideas above, in this article, we define a new family of asymmetric univariate distri-
butions generated by the normal kernel (as the skewing function), using otherwise



symmetric distributions of the class of scale mixture of normal distributions (An-
drews and Mallows, 1974; Lange and Sinsheimer, 1993). We study some of its
probabilistic and inferential properties and discuss applications to real data. One
interesting and simplifying aspect of the family defined is that the implementation
of the EM algorithm is facilitated by the fact that the E-step is exactly as in the nor-
mal/independent (NI) family of models proposed in Lange and Sinsheimer (1993).
Besides, the M-step involves closed form expressions facilitating the implementation
of the algorithm. Furthermore, we also concluded that the information matrix has
a common part for all elements in the family, which makes, apart from the ordinary
skew normal, the family having nonsingular information matrix.

The paper is organized as follows. In Section 2, for the sake of completeness, we
give a brief sketch of the scale mixture of normal (SMN) distributions . In Section 3,
the skew scale mixture of normal distribution (SSMN) are defined by extending the
SMN class. Properties like moments, linear transformation and stochastic represen-
tation of the proposed distributions are also discussed. In Section 4, an EM-type
algorithm which presents advantages over the direct maximization approach is pre-
sented, especially in terms of robustness with respect to starting values. Section 5
reports applications to simulated and real data sets, indicating the usefulness of the
proposed methodology. Concluding remarks are given in Section 6.

2 Scale mixture of normal distributions

The symmetrical class of SMN distributions has attracted attention in the last few
years, particularly due to the fact that they include distributions such as the Student-
t, the slash, the power exponential, the contaminated normal, among others. All of
these distributions have heavier tails than the normal ones. We say that a random
variable Y has a SMN distribution with location parameter © € R and a positive
definite scale parameter o2 if its density function assumes the form

fly) = / " byl w(u)o)dH (u), (5)

where H(.;v) is a cdf of a positive random variable U indexed by the parameter
vector v. For a random variable with a pdf as in (5), we shall use the notation
Y ~ SMN(u,0?; H). Moreover, when p = 0 and 02 = 1, we denote y ~ SMN(H).
Its stochastic representation is given by

Y = pu+ r2(U)Z, (6)

where Z ~ N(0,0?) and U is a positive random variable with cdf H independent of
Z. Some examples of SMN distributions are described subsequently (see Lange and
Sinsheimer, 1993). For this family, the distributional properties of the Mahalanobis
distance )

g=Y=r

o2

are described, because they are extremely useful in testing goodness of fit and de-
tecting the presence of outliers.



2.1 Examples of SMN distributions

o The Generalized t-Student distribution with v > 0 degrees of freedom, Y ~
Gt(p, 0% v,7).
The use of the t-distribution as an alternative to the normal distribution has
frequently been suggested in the literature. For instance, Little (1988) and
Lange, Little and Taylor (1989) use the Student-t distribution for robust mod-
eling. Y has a density function given by

_ 1 ((w+1)/2) ( g) —(vEh) 7
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In this case, K(U) = 1/U and U ~ Gamma(v/2,7/2), with density
e T ®)

(v/2)"T(v/2 —m)
I'(v/2)
Lange and Sinsheimer (1993) shown that, for v = ~, the Mahalanobis distance

d has F-distribution. In this case, a simple algebraic manipulation lead to

with finite reciprocal moments E[U~"] = , for m < v/2.

AY)
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e The slash distribution, Y ~ SL(u,c* v), with a shape parameter v > 0.
This distribution presents heavier tails than those of the normal distribution
and it includes the normal case when v T co. Its pdf is given by

1
v — —u
10) = e [ e ©
2mo Jo
with d = (y — p)?/o*. Here we have that x(U) = 1/U and U with density
h(u;v) = vu’ g1 (u), (10)
with reciprocal moments E[U~™] = - , for m < v, and the Mahalanobis
v—m

distance has cdf
2'T(v 4+ 1/2)
rvy/T
e The contaminated normal distribution, Y ~ CN(pu,0%v,7), 0 <v <1,0<
v <1 (Little, 1988).

This distribution may also be applied for modeling symmetric data with outly-
ing observations. The parameter v represents the percentage of outliers, while
~v may be interpreted as a scale factor. Its pdf is given by

fy) = vo(ylu, o?/7) + (1 = v)p(ylp, o°). (11)

Pr(d<r)= PT(X2 <r)-— PT(X;,H <r).
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In this case k(U) = 1/U and the probability density function h(u;v) given by
h(u;v) = vy + (1 = )y, v = (v,7)", (12)

where the notation I 4) is the indicator function of the set A. Clearly, E[U ™| =
v/y™+1—v, and

Prid<r)=uvPr(x* <vr)+ (1 —v)Pr(x* <r).

e The power-exponential distribution, Y ~ PE(u, 0% v), with a shape parameter
O0<v<1.

Its pdf is given by
v ’
fly) = —=—e "7 13
= ST (13
with d = (y — p)?/o?. When v = 1, the density (13) collapses to the normal
density. Here U has positive stable density with S”(u|v) (Branco and Dey,
2001).

Form Lange and Sinsheimer (1993), the Mahalanobis distance has cdf given
by
1/2G 1 v 2
Prid<r)="- (3,7/2)
()22

where G(8,s) = [; u?~te "du is the incomplete gamma function.

3 Skew scale mixture of normal distributions

In this section, we define the univariate SSMN distributions generalizing the SSM
family and study some of its properties. We have also shown that these distributions
are invariant under linear transformations.

Definition 1. A random variable Y follows a distribution between the SSMN class
with location parameter i € R, scale factor o and skewness parameter A € R, if its
pdf is given by

fy =2 [ ool on(uw) 8 (W Ed (), (14

0

where U is a positive random variable with cdf H(u;v). For a random variable with
pdf as in (14), we use the notation y ~ SSMN (u,0?, X\; H). If p =0 and 0% =1
we refer to it as a standard SSMN distribution and we denote it by SSMN(\; H).

Clearly, from (14), when A = 0 we get the corresponding SMN distribution
defined in (5). For a random variable with pdf as in (14), we write the Mahalanobis
distance as )

dy = %



In Definition 1, note that the cdf H(u;v) is indexed by the parameter vector
v. Hence, if we suppose that v, is such that v | v, and that H(u;v) converges
weakly to the distribution function H.(u) = H(u;vs) of the unit point mass at
1, then the density function in (14) converges to the density function of a random
variable having a skew-normal distribution. The proof of this result is similar to
that of Lange and Sinsheimer (1993) for the SMN case.

For a SSMN random variable, the stochastic representation given below can be
used to quickly simulate pseudo realizations of y and also to study many of its
properties.

Proposition 1. Let Y ~ SSMN(u, 0% \; H). Then its stochastic representation is
given by
YIU=u ~ SN(u,o*k(u), \/n(

U ~ H(uv). (15)

Proof. From (14), the (joint) distribution of (Y, U) is given by
9(y,u) = 20(ylp, k(W) 21Ny — 1)/0) fu (w).
Provided g(y, u) = f(yu) fo (), then
y —
alol) = 200l *e(wye (A=)

= 20(y|p, 0%k (u))P, ()\\/H(U)%) :
and hence Y|U = u ~ SN (u, 02k (u), A\y/k( O

Remark 1. In other words, to genemte a skew—normal independent distribution, we
proceed in two steps, that is, we generate first from the distribution of U and next
from the conditional distribution Y |U wusing, for instance, the stochastic representa-
tion given in (2).

In the next proposition, we derive a general expression for the moment generating
function (mgf) of a SSMN random variable.

Proposition 2. Let Y ~ SSMN(u, 0%, \; H). Then
& t2 2 A
My(t) — E[@ty] :/ 26tu+71€(u)o’ q)l ( g K/(u)
0

t) dH(u), teR. (16)
(u)
Proof. From Proposition 1, we have that y|U = u ~ SN (u, 0?k(u), A\\/r(u)). More-

14+ Ak(u
over, from well known properties of conditional expectation, it follows that My( ) =

Ey|E[e™|U]]. From Gupta and Huang (2002), Mz(z) = 2exp (5 *)P, <m>
where Z ~ SN(X). So, provided M,y (t) = e My (bt), we obtain
My po(t) = 26+ 5t [ _0ARW) )
1+ A2k(u)
U



In the following proposition we present the mean and the variance of a SSMN
random variable.

Proposition 3. Suppose that Y ~ SSMN (u, 02 \; H). Then,
a)
K(U)

ElY|=u+boAEy | ———+—
Yl=n U /T T R (0)

Y

b)
k(U)

Varly] = o* (EUMUM A Wiy

where b = \/g

Remark 2. If x(U) = 1, then E[Y] = u+bod and Var[Y] = o*(1 — b*6?), are the
same values of a skew-normal random variable, as in (4).

Another important property of the SSMN class is presented next.

Proposition 4. If Y ~ SSMN(u,0% X; H), then for any even function T, the
distribution of T(Y — ) does not depend on A and has the same distribution as that
of T(X — ), where X ~ SMN(u,0% H). In a particular case, (Y —p)? and (X —p)?
are identically distributed.

Proof. Let fy(y — u|0,02% H) be the SMN density, as in (5), then

Mavo(® = [ 270 (= plo, o (A2 gy

o

= / 2e7@t £y ()0, 0% H) D, <A£> dr +
R+ o

/ 26" @ £ (2]0, 02 H) (1 — 3, (—Af)) dz

g
_ /R+ 2e7@ £ (210, 0% H) (cpl (Ag) T1-®, (Ag)) dz

= /ReT(x)tfy(x]O,UQ;H)dx
= Mro(),
where X ~ SMN(0,0% H). O
As a byproduct of Proposition 4, we have the following interesting result.

Corollary 1. Let Y ~ SSMN(u,0% X\; H). Then the quadratic form

(Y — p)?

dy =

(X —p)?

has the same distribution as d = 5
o

, where X ~ SMN (u, 0% H).



The result of Corollary 1 is interesting because it allows us to do model checking
in practice (see Section 5). On the other hand, Corollary 1 jointly with the result
found, for instance, in Lange and Sinsheimer (1993, Section 2) allows us to obtain
the mth moment of d.

Corollary 2. Let Y ~ SSMN(u, 0%, X\; H). Then for any m >0

2mT(m + 1/2)
NLG
Proof. The pdf of Y is given by f(y) = [~ ¢(y|p, 0?k(u))du. Thus,

EldY] = Els(U)™].

flylu) = @b(ylu,OQﬁ(U))

dy

_ K(u)_1/26_2lﬁ(u)
V2ro

dy (Y —p)?

k(U) a?k(U)

x3. Provided U and d) are independent, then E[d}'] =

Consider the random variable Z =

. The pdf of Z|U has density
27T (m +1/2)
NZS

In the next proposition we shall show that an SSMN random variable is invariant
under linear transformations. This result is summarized in the following proposition:

E[r™U)]. O

Proposition 5. Let Y ~ SSMN(u,0% X\; H). Then for any fived value b € R,
V =a+bY ~ SSMN(a+ bu,b*c?, sign(b)\; H). (17)

Proof. The proof follows directly from Proposition 2, since M1y, (t) = €™My (bt).
U

By using (17), when a = 0 and b = —1, we have the following additional property
of an SSM N random variable.

Corollary 3. Let Y ~ SSMN(pu, 0%, X\; H). Then, =Y ~ SSMN(—p, 0%, —X\; H).

3.1 Examples of SSMN distributions

Some examples of SSMN distributions, include

o The Skew Generalized Student-t distribution with v > 0 degrees of freedom,
denoted Y ~ SGt(u, 02, \;v,7). Considering U ~ Gamma(v/2,v/2), k(U) =
1/U, Y has the density function:

v+1

fly) =2~ 1W F((VJ;))/Q) (1 + %)( 2 )cbl (A(y;’”) . (18)

When v = v, we have a skew-t normal distribution (Gémez, Venegas and
Bolfarine, 2007) where it has been shown that it can present a much wider
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asymmetry range than the one presented by the ordinary skew normal distri-
bution (Azzalini, 1985).

Another particular case of the skew generalized t distribution is the skew-
Cauchy normal distribution, that follows when v = v = 1. Also, when v |
00, we get the skew-normal distribution as the limiting case. The mean and
variance of Y ~ SGt(u, 02, \; v, ) are given by

E[Y] = u+ba)\(ﬂy/2)1/2WEv [(V + 22712, (19)
VCLT[Y] — 2 VZQ B 62;2’)/ (F((g(;/;))/2)> E‘Q/ [(V+)\2)—1/2}] ’(20)

where b = \/; and V ~ Gamma(”—gl, 7). The expected values are computed

numerically.

The skew-slash distribution, with shape parameter v > 0, denoted SSL(u, 02, \; v).
With h(u;v) as in (10) and x(U) = 1/U, we have

_ 1 2
fly) =209, ()\%) /0 u o (y\u, %) du, yeR. (21)

The skew-slash distribution reduces to the skew-normal distribution when v T
00. The mean and variance are given by

EY] = u+ %Ev [(V + 22712, (22)
Varly] = o (Vil - (Vb_AJQ)QEa [(V + )\2)1/2]) L (23)

where V ~ Beta(l,v —1/2).

The skew-contaminated normal distribution, denoted SCN (u, 0%, \;v,7), 0 <
v <1,0 <~ <1 Taking h(u;v) as in (12) it follows, straightforwardly, that

i) = 2{u¢ (ym, %) @, (Ay;“)

H1 = Dpolylnoer (A (24)

g

The skew-contaminated normal distribution reduces to the skew-normal dis-
tribution when v = 1. Hence, the mean and the variance are given by

v 1—7
FlY| = bo ) d
Yi=utbo ((7(7+A2))1/2+(1+A2)1/2)’ an

Var[Y] = o?

v v 11— 2
—4+1—v—bN :
YT ((v(v+ N T A2>1/2> ]



o The skew power-exponential distribution, Y ~ SPE(u,c% \;v), with a shape
parameter 0 < v < 1.
Its pdf is given by

v —av y—u
fly) =2——— 20 ()\ ) 25
) =2 e e (W 2
with d = =% The skew power-exponential distribution reduces to the
skew-normal dlstrlbution when v = 1. In this case we have not explicit form

to k(u).

In Figure 1, we plotted the density of the standard SN(3) distribution to-
gether with the standard densities of the distributions SGt(3;2,2), SSL(3;0.5),
SNC(3;0.9,0.1) and SEP(3;0.5). They are re-scaled so that they have the same
value at the origin. Note that the five densities are positively skewed, and that
the skew contaminated-normal, skew power-exponential, skew-slash, and the skew-t
distributions have much heavier tails than the skew-normal distribution. Note that
all they represent extremes situations, at least in the symmetric case, for instance,
the Slash with v = 0.5 does not has finite first moment.

In what follows, we propose using the EM-algorithm to obtain the ML estimate of
the parameter vector 8. We note that it is complicated to implement this approach
without identifying a stochastic representation. The proposed methodology for the
class of models we are dealing with does not exist in the literature. One special
feature, however, is that the E-step is as in Lange and Sinsheimer (1993). Moreover,
studies related to local influence for incomplete data (Zhu and Lee, 2001) can be
easily extended from these results which will be reported elsewhere.

4 SSMN regression models and the EM-algorithm

Suppose that we have observations on m independent individuals, denoted

Yi,..., Y, where Y; ~ SSMN(p;, 0%, X\ H), i = 1,...,m. Associated with indi-
vidual ¢ we assume a known p x 1 covariate vector x;, which we use to specify the
linear predictor p; = x; 3, where 3 is a p-dimensional vector of unknown regression
coefficients. Hence, relating the two sets of variables we consider

Yi = Bo + Dy Ty + €5,

z:l m,
:XZ—-F,@—}-&', €ZNSSMN( 2

)

Thus, according by expression (38) in Appendix, the observed-data log-likelihood
function of @ = (8", 02, \)7 is given by

(26)

= togf2 [ [ ol B0t — ! 8).0%hus )
i=1 0 0

(27)
It is not a simple task to find the ML estimate of the parameter vector @ by
directly maximizing the log-likelihood function. Thus, we prefer to implement the

10



Figure 1: Density curves of the univariate skew-normal SN(3), skew-t SGt(3;2,2),
skew-slash SSL(3;0.5), skew-contaminated SNC(3;0.9,0.1) and skew-power exponential
SEP(3;0.5) normal distributions.

0.8
|

0.6

0.4

0.2

0.0

EM-algorithm.

The EM-algorithm is a popular iterative algorithm for ML estimation for models
with incomplete data. More specifically, let y denote the observed data and s
denote the missing data. The complete data y. = (y,s) is y augmented with
s. We denote by (.(0|y.), @ € O, the complete-data log-likelihood function and
by Q(6]6) = E[(.(0]y.)]y, 0], the expected complete-data log-likelihood function.
Each iteration of the EM-algorithm involves two steps; an E-step and an M-step,
defined as:

e E-step: Compute Q(9|0(r)) as a function of @,

o M-step: Find 8" such that Q(8"|8") = maxgy_g Q(6/6").
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Notice that, by using (2) and (15), the set-up defined above can be written as

ind T k(u;) 2 ( o k() )
Yilti,ui, ~ N|x,8+ 0o \—/—m——=t;,0°k(w;) |1 = N —FF"F— ,

wi "~ h(ug;v) (28)
ti S HN(0,1) i=1,...,m,

all independent, where HN;(0,1) denotes the univariate standard half-normal dis-
tribution (see |7p| in equation (2) or Johnson, Kotz and Balakrishnan, 1994). We
assume that the parameter vector v is known. In applications the optimum value
of v can be choosing by using the profile likelihood and the Schwarz Information
Criterion (see Lange, Little and Taylor, 1989).

Let y = (Y1, -, ¥m) s u = (u1,...,up) and t = (t;,...,t,)" and treating u
and t as missing data, it follows that the complete log-likelihood function associated
with y. = (y",u’,t")" is given by

m

1 (y: — x; B)? 1 «
(e(Olye) o< —mlogo® ——— % T)> — 53 2 = My — X/ B
=1 ’ i=1

1 o7 A
_ 2 2 T
= —mlogo —2021: 1m+02t (y —x0)
1

sty —x8)" (D(k) + XL (y — xB) (20)
where 1,,(m x 1) is a vector of 1’s, I, is the identity matrix of order m, x' =
(X1 ...,X;) is a matrix of dimension p x m and D(k) = Diag(k(u1), . .., £(um)).

Letting &; = E[t;|0 = 0, y,], % = E[t2|0 = 0,y;] and & = E[x~"(u,)|0 = 0, y,]
we obtain, using the moments of the truncated normal distribution, that

ti = A\ + oWs, (4) and t2; = \°7 + 5 + Ao Wa, (4) : (30)
o o

where Wg, (u) = ¢1(u)/P1(u) and 7; = (y; — X;I—B), i =1,...,m. For the specific
distributions discussed here, ; are given by equations (34)-(37).

It follows, after some simple algebra, that the expectation with respect to t, u
conditional on y, of the complete log-likelihood function, has the form

Q(06) = E[((6]y.)y. 0]
1 ~
= —mlogo? — —t*"1,, + itT(y —x0)
202 o2

Ly —x8)T (DR) + ¥L,) (v - xB) (31)

202

where K = [R1,...,Rm]'. Thus, we have the following EM-algorithm:
E-step: Given @ = 0, compute for i = 1,...,m, t;, t?; using (30) and k; using

12



(34)-(37), for instance.
M-step: Update 8 by maximizing Q(6|0) over 8, which leads to the following closed
form expressions

B = {XT D(R) + A?1,,) x} X7 [D(f?:)y — At - Ay)} : (32)
7= o 0uB) + 1, - 2y - xB) + Q)]
T = t'(y —xB)
QPB)

(
where Q(8) = (y —x8) " (y — x8), Qz(8) = (y — x8) 'D(K)(y — x0).

4.1 Conditional distributions for the EM algorithm

In this section we compute the conditional distribution wu;|y; for the distributions
present in Section 3, which are used with the EM-algorithm. Before, we give an
important result.

Proposition 6. (An invariance result) If Y; ~ SSMN(u,0?, \; H), i = 1,...,m,
then
FwilYs = yi) o< hui; v)(yil, ok (wi)). (33)

Proof. In fact, from (38) we have that,

Yi —
f(yiuuiati) = 2¢(?Jz‘|%02’€(uz‘))¢(ti‘)\ 0u71)h(ui;y)ﬂ(ti>0)

= J (i) f(yilwi) £ (Llys)-
Then,
fuglyi) oo fus) f(yilus)
= h(ui; V) (yilp, 0%k (us)).
which concludes the proof. O

From Proposition 6 it follows that, under the more general SSM N distribution
considered here, the conditional distribution u;|y; reduces to considering the corres-
ponding SM N model. This peculiarity tremendously simplify the EM algorithm
implementation. Hence, for the discussed distributions, we have the following re-
sults:

o The generalized skew-t case. If Y; ~ SGt(u, 0%, \;v,7), i = 1,...,m, then, from
(8) jointly with Proposition 6, we have that

v/2 1/2
f(uz‘yz) _ (7/2) / u’,j/2_16*7“i/2ui—€*uidi/2
P(v/2) V2mo
1 d;
wily; ~ Gamma(y_; ’7; ),
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dz - d)\z - (yz - M)Q/O-Q‘ 807 E[Uza|yz] = T 1,_12 ('Yeri o and then
2 2
~ v+l
) (34)

o The skew-slash case. If Y; ~ SSL(u,0% \;v),i=1,...,m, we obtain
i
Lo,1) (1) —i=—e "4/
2ro

uly; ~ Gamma(v +1/2,d;/2) 1y (u;).

fluily:) = vuy™

o+ Tw+1/2+a) P(v+a+1/2,di/2)
Thus, B = 50 Ti@ine pwrizdyz)

~  (2v+41)P(v+3/2,d;/2)
ki = di  Pi(v+1/2,d;/2) )

where P,(a,b) denotes the cdf of the Gamma(a, b) distribution evaluated at x.

o The skew-contaminated normal case. If Y; ~ SNC(u, 02, \;v,7), i =1,...,m, we
have that

fuilys) = vpilu=y) + (1 = v)pil (=),
uil/2 exp{— 4}
vyl/2 eXp{—dZT'Y} +(1-v) exp{—%}'

1- at1/2 1-— dz 2
Moreover, E(U?|y;) — L Y7~ XP {1 —7di/2}
1—v+uvy2exp{(1 —~)d;/2}

with p; =

p_ Loyt vy Pep {(1-9)di/2}
o l—v vy exp{(1—9)di/2}

(36)
o The skew power-exponential case. In this case we have the following proposition:
Proposition 7. IfY; ~ SPE(u,c*, \;v),i=1,...,m, then

ki = Bl (U)ly] = v, (37)

) Ry
with d; = (%02“ iy

Proof. We omitted the index i to facilitate the notation. Being Y ~ SMN (u, 0%;v),
we have that

—+00

fr(y) = Sy, o*r(w)) fu(u)du

0
and fiuy)(u,y) = o(ylp, o%k(w)) fu(u). As V =rk"1U), k(U) =1/V, then

fvan (. y) = fox) (w )] o< ¢ylp, o /v) fu (™' (1/v)),
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where J is the Jacobian of the transformation g(u,y) = (V,y). So,

Syl 0/v) fu(k~'(1/v))

fowly) =

f)
(y —w)?
221’ UF( ) v 1/2 v
= k(1 /v 2 YT 202
fU( ( / )) » \/%U
1

X exp {5 [—dv + d”] + ¢(v, V)} :
where d = “’;;"2. Hence, x~1(U)|Y belong to exponential family, with § = —d,
b(0) = —d” = —(—0)" and ¢ = 1/2. Thus, E[k~(u)|y] = b'(0) = vd*~ . O

5 The observed information matrix

Let Y be a random variable following a SSMN distribution as in (14). Hence, for
an observed sample ¥y, ..., Y, the log-likelihood function is of the form ¢(8) =

> 4:(6), with
=1

(:(0) =log2 + (1,(0) + log[®:(£,(0))], 8= (B",0° )T,
where ¢1(0) is the log-likelihood function of the corresponding symmetric SMN dis-

"
tribution and ¢5,(6) = P e B . Then, the first derivative of £;(0) is given by
o

o;(0)  00,,(0) 0l5,(0) B 9
a'l/) - a¢ +W¢(l21(0)) a¢ ) ¢_1370- 7)\‘
The second derivative is given by
0;(0) B 0%(1,(0) 02(5,(0) 0ls,(0) 0ls,(0)

W (s,(6)) + We (65,(0))

o ovoy! S ooy o ol
where qul)(x) = —Ws(z)(x + We(x)) is the derivative of We(x).

Thus, the observed information matrix for @ can be written as

1(0) = 1,(8) + 12(0),

[k k: k:
8 L:p L
Ifé(e) = 15202 Ifaz
Ik
AN

for k=1,2,v,¢% = 3,0% A, and

foL ia% (6)

Yy — OO
“ a (5. (0 0y (6) 0y (0
By = 2 [Walta @) A w0 0) P2
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For all distributions in the SMN class, the elements of I5(6) are common and are
given by

A2 -
Ihg = -5x'D (Wé}’ [AWTX'B)D x

A — A2 _

13213 — —ﬁXTVWb lA(y O-Xﬂ):| i @XTD (Wq()I) lA(y O-Xﬂ):|) (y —X,B)
1 - A —

Iiﬁ _ ;XTW¢ {)\ (y axﬂ)] + EXTD (Wél) {/\(y axﬁ)}) (y — x08)

3\ — A2
[oge = —rﬁ(y ~x0) We [/\(yftxﬁ)} - FQw(/@)

1 — A
Bo = 5500 =xB8)Wo [A(ya—"m] + 55 Qu(B)

1
If,\ = —gQw(ﬁ)

where Q,(8) = (y—x8) "D (Wél) [/\(y%x’&]) (y —x0). Notice that being Wg(z) =
¢(x)/P(x), with ¢(.) and ®(.) the density and the cumulative functions of the stan-

dard normal distribution, then —1 < Wél)(x) < 0. The fact that this matrix is
constant for all families in the class, it makes the information matrix nonsingular
for nonbormnal situations. As shown in Piesey (2000) this certainly is a problem
with the ordinary skew normal distribution.

The matrix ;(0) can be calculated for each SMN distribution considered, as
follows
o The Student-t distribution

1 2
by = —ohx (DD - x8) - DIV) ) x
1 1
I.g = —2; x'D(y —xB) (PDQ(V)D(y —xB)(y —xB) - V)
1 1
Tap = =g+ Qv (B) — Sy —x8) Dy —xB)D(V)V

L+ = 0,7=00%)\,

where Qv (8) = (y—x8) 'D(V)(y—x@) and V = (Vi, -+, V)T, Vi = (1+ %)‘1 =

(y*iﬂ As noted in Gémez, Venegas and Bolfarine (2007), the information ma-
trix for the skew skew-t normal model is not singular for finite degrees of freedom
when A = 0. This certainly is a problem with the skew-normal and skew-t distribu-
tions (Pewsey, 2000).
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o The contaminated normal distribution
y+1 5

1 _
],Bﬁ = 02 X X
v+1
[;zﬂ = o4 XT(y_Xﬁ>
m y+1
[;20.2 = —;"— 0.6 (y—Xﬂ)T(y—Xﬁ)

]iT = 0,7=0,02%\
e The power-exponential distribution
v(2v — 1)

Iblg = TXTD[(Y —x8)% ?x
2
g = X [y —x8)*7
m  v(v+1)

lpp: = =52+ 5 307 (v —x8)] [y —xB)"]

[iT - O,T:ﬁ’UQ,)\.
e The slash distribution
Ihg = —(2v+Dx'Dlly —xB) /D[Py + 1/2.d/2) ] x
[(21/ +3)D[P (v +5/2,d/2)] — D[P (v + 3/2,d/2)]
—(2v+1)D[P(v +3/2,d/2)’|D[Pi(v + 1/2,d/2)""]]x
(2v+1) _ _
‘[lgﬂ = —WXTD[(Y—Xﬁ) 1]D[P1(7/+1/2,d/2) 1] X
[(2v +3)Pi(v+5/2,d/2) — 2P (v + 3/2,d/2)
—(2v + 1)D[Py(v +3/2,d/2)*| P, (v + 1/2, d/2)*1]
1 m  (2v+1) CINT
looge = —5 53 = — 7 (A(r+1/2,d/2)7) " x
[(2v+3)Pi(v+5/2,d/2) — 4P (v + 3/2,d/2)
—(2v+ 1)D[(P (v + 3/2,d/2)*)| P (v + 1/2,d/2) "]
]iT = 0,7=0,02\
Asymptotic confidence intervals and test on the ML estimators can be obtained
using this matrix, that is, if J = —I denotes the observed information matrix for
the marginal log-likelihood ¢(0) of the SSMN regression model, then asymptotic
confidence intervals and hypotheses tests for the parameter 8 are obtained assuming
that the MLE 6 has approximately a N,,3(0,J7') distribution. In practice, J is

usually unknown and has to be replaced by the MLE j, that is, the matrix J
evaluated at the MLE 6.
6 Applications

In this section, we present two applications. The first one illustrates the use of the
distributions SN, SGt, SSL, SNC and SEP in simulation studies, whereas the
other one involves the statistical analysis of a real data set.
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6.1 Simulation study

SNI distributions can be used in simulation studies as a challenging family for devel-
oping statistical procedures in asymmetric situations. As an illustration, we perform
a small scale simulation study to study the behavior of two location estimators,
the sample mean and the sample median, under four different standard univari-
ate settings. We consider a standard skew-normal SN(3) distribution, a skew-
t SGt(3;2,2) distribution, a skew-slash SSL(3;0.5) distribution , a skew power-
exponential SEP(3;0.5) distribution and a skew-contaminated normal SNC'(3;0.9,0.1)
distribution. The location mean of all the asymmetric distributions 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.
We simulate 500 samples of size n = 100 from each of these five distributions. For
each sample, we compute the sample means and the sample median and depict the
box-plot for each distribution in Figure 2. In the left panel, we observe that all
boxplots of the estimated means are centered around zero but have larger variabil-
ity for the heavy tailed distributions (skew-t and skew-slash). In the right panel,
we see the boxplots of the estimated medians has a slightly larger variability than
the boxplots for the estimated means for the skew-normal, skew-slash and skew-
contaminated normal, but has a much smaller variability for the the skew-t and
skew power-exponential distributions.

This indicates that the median is a robust estimator of location at asymmetric
light tailed distributions. On the other hand, the median estimator becomes biased
as soon as unexpected skewness and heavier tails arise in the underlying distribution.

6.2 Australian athletes data set revisited

In this section we consider a likelihood analysis of a part of the data set collected
on several biomedical variables by the Australian Institute of Sports (AS data set)
on a number of their athletes. A subset of the data set was previously analyzed in
Azzalini and Capitanio (2003). We consider a subset of the data set considering a
linear regression model relating variables SSF' and bfat. We define the model

SSF; =a+ pBbfat; + e;,

1 =1,...,202, where bfat; is the body fat percentage of the i-th individual in the
sample, SSF; is the sum of skin folds and e; Y SSMN (0,02, \; H). Arellano—Valle
et al. (2005) fitted a skew-normal measurement error model to these data and noted
a stronger relationship between the variables and right skewness.

The univariate skew-normal, skew-t-normal, skew-slash, skew-contaminated and
skew-exponential power normal distributions are applied to fit the data. Resulting
parameter estimates are given in Table 1. The estimated standard errors were cal-
culated using the observed information matrix present is Section 5. The Schwarz in-
formation criterion (or equivalently the log-likelihood) was used for choosing among
some values of v and 7 as recommended by Ferndandez and Steel (1999). Note that
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Figure 2: Boxplots of the sample mean (left panel) and sample median (right panel)
based on 500 samples of sizes n=100 from the five standardized distributions: SN(3);
SGt(3;2,2); SNC(3;0.5,0.5); SSL(3;1), and SEP(3;0.5). The respective means are
adjusted to zero.
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using the log-likelihood values shown on the right of the Table 1 we see that the con-
taminated skew-normal fits the data better than the other four distributions. This
came as a surprise to us because other authors found the skew-normal as presenting
good fit which, obviously, is not our main conclusion. The normal skew-model is
certainly (well) surpassed the the skew-contaminated model.

Table 1: MLEs of the five models fitted on the AIS data set.

Distr. Bo B o A v v 1(9)
SNC  -0.37(1.35) 4.77(0.10) 65.40(11.42) 0.69(0.30) 0.15 0.2 -720.83
SGt  -2.02(1.88) 4.78(0.14) 90.59(27.01) 1.07(0.58) 7.88 7.88 -721.97
SEP  -4.60(1.58) 4.86(0.14) 129.88(20.82) 1.55(0.31) 0.95 -  -723.18
SN -5.08(1.57) 4.88(0.14) 143.97(32.76) 1.64(0.61) - . 72327
SSL  -5.02(1.58) 4.88(0.14) 134.25(30.72) 1.58(0.59) 15.67 -  -723.33

Replacing the ML estimates of 8 in the Mahalanobis distance d; = (y*jﬂ,
we present Q-Q plots and envelopes in Figure 3 (lines represent the 5th percentile,
the mean, and the 95th percentile of 100 simulated points for each observation). It
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seems to us that the plots in Figure (3) provide even stronger evidence (than the
log-likelihood criteria), that the skew-contaminated normal distribution provides a
better fit to the data set than others SSMN distributions.

7 Final Conclusion

In this work we have defined a new family of asymmetric models by extending the
symmetric class of scale mixture of normal distributions . Our proposal generalized
results found in Azzalini (1985) and Andrews and Mallows (1973). An important
characteristic of the results obtained is that closed form expressions were derived
for the iterative estimation processes. This was a consequence of the fact that
the proposed distributions posses a stochastic representation that can be used to
represent them hierarchically. We believe that the approaches proposed here can
also be used to study other asymmetric models. The assessment of influence of data
and model assumption on the result of any statistical analysis is a key aspect yet to
be studied. Work is in progress addressing specifically local influence and residual
analysis.
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Appendix

Let Y be a distribution between the SSMN class with location parameter y € R,
scale factor 0% and skewness parameter A € R, if its pdf is given by

—+00

Fo) =2 [ oyl o®m(w) O (A—F)dH (u),

0

where U is a positive random variable with cdf H(u;v). Thus, we have that

fy) = 2 / " Syl o () By (My — )/ dH (),

_ / " Syl 0% () (s v)du / " ()0, 1)dt

—0o0

+00 0 _
= / / Sl s (u))o(t] — N 1) (s v

oo

= 2 /0+oo /0+00 B (y|u, o*k(w)) bt Ay — p), o) h(u; v)dtdu (38)

since
0 _ _
/ ot - A1) = P(Z<0), Z~NE-AE
oo o o
= P(—Z>0)
= P(T>0), T~NOLL 1)
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Figure 3: AIS data set. Q-Q plots and simulated envelopes: (a) Skew-normal model (b)

Skew-t normal model (c)

Skew-contaminated normal (d) Skew-slash model, (e) Skew-power
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