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ARTICLE INFO ABSTRACT

Keywords: The multivariate exponential power family is considered for n-dimensional random vari-
Multivariate exponential power ables, Z, with a known partition Z = (Y, X) of dimensions p and n — p, respectively, with
distributions interest focusing on the conditional distribution Y|X. An infinitesimal variation of any
Kurtosis

parameter of the joint distribution produces perturbations in both the conditional and
marginal distributions. The aim of the study was to determine the local effect of kurtosis
deviations using the Kullback-Leibler divergence measure between probability distribu-
tions. The additive decomposition of this measure in terms of the conditional and marginal
distributions, Y|X and X, is used to define a relative sensitivity measure of the conditional
distribution family {Y|X = x}. Finally, simulated results suggest that for large dimensions,
the measure is approximately equal to the ratio p/n, and then the effect of non-normality
with respect to kurtosis depends only on the relative size of the variables considered in the
partition of the random vector.

Kullback-Leibler divergence
Relative sensitivity

© 2013 Elsevier Inc. All rights reserved.

1. Introduction

In modeling a phenomenon characterized by a random n-dimensional vector Z, very often not all the vector components
play symmetrical roles. In this case we consider a partition of the components of Z in two blocks, Y and X, with dimensions p
and n — p, respectively. Examples include regression, classification and Bayesian networks.

The multivariate normal distribution plays a central role in this setting because marginals and conditionals of multivar-
iate normal random variables are also normal. It has also several simplifying properties one of which is that it is uniquely
determined by the mean vector and the covariance matrix of the random variables, so it is characterized in terms of central
tendency and precision. With respect to the shape characteristics of skewness and kurtosis, it is a symmetric and unimodal
distribution and is considered as a reference for the degree of peakedness or flatness for other distributions. The use of kur-
tosis to describe departures from Gaussianity, often found for real-world data [6,16,22,12], goes back to Pearson [19], how-
ever many statistical procedures rely on Gaussianity assumptions and departures from these models can affect final results.
Thus a sensitivity analysis to deviations from Gaussianity should be performed.

In this work we investigate the impact of a change in the kurtosis of Z in the corresponding marginal and conditional dis-
tributions of some partition of the random variable. Thus, we introduce a measure to evaluate how the effect of heavy or light
tails (peakedness or flatness relative to the normal distribution) of the joint model is transmitted through the structure. We
focus on a family of distributions that is of particular interest in applications when the normality assumption is doubtful in

* Corresponding author.
E-mail address: pmain@mat.ucm.es (P. Main).

0096-3003/$ - see front matter © 2013 Elsevier Inc. All rights reserved.
http://dx.doi.org/10.1016/j.amc.2013.04.031


http://crossmark.dyndns.org/dialog/?doi=10.1016/j.amc.2013.04.031&domain=pdf
http://dx.doi.org/10.1016/j.amc.2013.04.031
mailto:pmain@mat.ucm.es
http://dx.doi.org/10.1016/j.amc.2013.04.031
http://www.sciencedirect.com/science/journal/00963003
http://www.elsevier.com/locate/amc

10500 M.A. Gomez-Villegas et al./Applied Mathematics and Computation 219 (2013) 10499-10505

the sense of kurtosis. This is a generalization of the multivariate normal distribution and introduces a parameter, g, that is a
measure of the non-normality of the distribution [7]. Members of the multivariate exponential power (MEP) family exhibit a
fairly broad spectrum of shapes for the probability density function, ranging from rectangular (short-tailed) to double expo-
nential (long-tailed), with a normal distribution as the central case.

Similar characteristics to the theoretical framework described here can be found in Gaussian Bayesian networks (GBNs), a
subclass of Bayesian networks (BNs) for which the joint distribution of Z is a multivariate normal distribution. A BN is a prob-
abilistic graphical model for which the information can be updated given some evidence. Therefore, two subsets of variables
are found in BNs: the evidential or known variables, corresponding to X, and the interest or unknown variables, correspond-
ing to Y in our context. The process for updating the information given evidence is known as evidence propagation.

After evidence propagation, the network output is given by the conditional distribution of the variables of interest for ob-
served values of the evidential variables, that is {Y|X = x}. A joint model deviation with respect to kurtosis of the distribution
of Z may entail a different network output. In particular, research in linear Causal models with continuous variables, also
known as Structural Equation Models (SEM) [4], is based on the assumption of Gaussian data, however if non-Gaussian data
are supposed, much stronger results can be obtained [13].

Summing up, in situations where the Gaussianity assumption is unjustified the evaluation of non-Gaussianity is crucial
because it can result in a positive or negative effect on the conclusions.

Thus, our aim is to analyze the sensitivity of the normal (8 = 1) conditional distributions to small deviations in B, using
the Kullback-Leibler (KL) divergence to measure the discrepancy between distributions. A known additive property of the KL
divergence leads directly to the definition of a relative sensitivity measure for the conditionals, taking values in [0, 1].

In Section 2 the concepts to be used are presented. In Section 3 we derive the proposed relative sensitivity measure to
evaluate normality deviations, making a conjecture about its particular values based on simulation results and both compu-
tational and graphical procedures. Section 4 is devoted to a discussion and interpretation of the simulation results. Finally,
some conclusions are given in Section 5 while the calculations of the results observed by simulation are presented in Appen-
dix A.

2. The effect of non-normality

There are many reasons for the predominant role of the multivariate normal distribution in statistics. It results from some
of its most desirable properties, as that it represents a natural extension of the univariate normal distribution and provides a
suitable model for many real-life problems concerning vector-valued data. However, many studies have addressed non-nor-
mality in different contexts [5,21,18]. More recently, [9] study some statistics behavior as the kurtosis in the data varies and
[11] derive the asymptotic distribution of some known statistics and show they are robust against departure from normality.

As mentioned previously, we consider here some non-normal distributions with respect to kurtosis in the multivariate
case. To evaluate the effect of a kurtosis deviation with respect to a Gaussian model, we use the MEP distribution and KL
divergence to measure the difference between distributions.

2.1. MEP family

The density function of an n-dimensional MEP distribution with parameters g, £ and s, MEP(u, X, ) is given by
nl'(n/2)

fE@pi,p)=——F7—r
n-n/zr(l +21ﬂ)2”27

\2|71/2exp{_% (z—w'z iz ”)}ﬁ}

where the vector g € R", X is a positive definite symmetric matrix and g is the kurtosis parameter 8 € (0, 0o). Thus, the non-
normality parameter is directly related to the shape of the distribution:

B Distribution

B= multivariate normal

B=1/2 multivariate double exponential
B — multivariate uniform

The parameters g and X play a similar role to their counterparts in the normal case. It is well known [8] that if
Z = (Y,X) ~ MEP,(u, %, ), then Y|X = X ~ E,(fy. Eyx, 8y (1)), an elliptical distribution with parameters:

Hyx =Py + ZyxZxx (X — Hy);

Zyx = Zyy — ZyxZxx Exy

and a density generator
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1
gyx(t) = exp {fi(t + qx)/’}

where g, = (X — yx)TE,}}((x — Hy) is the squared Mahalanobis distance from X to the center of the X distribution. The param-
eter 8 is a shape parameter, as the kurtosis depends only on it. Then the density function can be expressed as

Fox(¥%) o< [Zy| 2 x GYa((Y — Hyp) "Exk(Y — Hy)). (1)

2.2. KL divergence

The KL divergence measure was introduced as a generalization of Shannon’s entropy and has been widely used in both
statistical inference and information theory. This divergence is a non-symmetric measure that provides global information
on the difference between two probability distributions [14].

The KL divergence between two probability densities f and g, defined over the same domain, is given by:

* fw)
D = / w) In——=dw.
k. (81f) mf( ) TW)
We consider a directed divergence measure because we have the normal distribution, f, as a reference. The following
equation relates the joint conditional and marginal divergences:

Dy (gyxlfyx) = Ex [DKL (gy‘x{fv\xﬂ + Dy (gxlfx), 2)

where f, fyx and fx represent the joint, conditional and marginal densities of the reference distribution and g, gyx and gx
are the corresponding densities of the distribution to be compared.

3. Relative conditional sensitivity

Now we address our objective to measure, for an n-dimensional random vector Z = (Y, X), the relative sensitivity of the
conditional distributions fyxx to infinitesimal changes ¢ in the parameters of the joint density fiyx). Other studies have
assessed the local divergence of conditional distributions for different purposes. In particular, Blyth measured the local
association of the random variable Y with the covariates at X = x using an appropriate limit of the divergence between
Sfyx—x and fyx—xisx and proposed the use of these local divergences to measure the association between random variables
[3]. For GBNs, conditional divergence measures to evaluate the sensitivity of model output to parameter perturbations were
used in [10]. Formally, (2) is a decomposition into positive summands analogous to that of sums of squares in variance anal-
ysis. Then, with the aim of evaluating relative deviations between conditional distributions, relation (2) suggests considering
the corresponding ratio of divergences. Finally, the local aspect of this divergence measure is achieved by taking the limit

0—0 DKL(/:(Y.X):@U-(Y-X>) 7

where the notation f.; represents the density associated with the perturbed parameter. With this methodology, some local
sensitivity measures can be applied to probabilistic structures where the interest is in the distribution of one set of variables
given the distribution of another set of variables, as is the case of GBNs, already mentioned in Section 2. This measure takes
its simplest form when applied to a Gaussian model with parameters u and X. Specifically, if Z = (Y, X) is a random vector
normally distributed with parameters

”:<ﬂ\{>7 Z:<ZYY ):Yx>
Hy Ixy  Ixx

and the location parameter py is additively perturbed to uy + 6, this yields:

Ex [DKL (fv\x;(s [fv\x)] 5
m——————-=p",
=0 Dy (f(Y.X);a Lf(v.x>)

where p is the corresponding correlation coefficient for each of the following cases:

(i) If n=2and p =1 (Y and X are unidimensional variables), then p is the simple correlation coefficient between X and Y.
(ii) If n > 2 and n — p = 1, then p is the multiple correlation coefficient between X and Y.
(iii) If both Y and X are multidimensional variables and the limit is taken in a canonical direction, p represents the corre-
sponding canonical correlation coefficient.

The situation is more complicated when the perturbation affects X. In this case the results are not as easily interpreted
and the correlation plays a predominant role. For example, if n > 2 and
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5 (2\{\{ Xyx )
T\ B Zxx + 0k,

we obtain the following:

(i) Ifn—p =1, then

li Ex [DKL (fv\x;(slfv\x ]

im—————————

-0 Dy (f(YX);d [f(v,x>)

it can be pointed that p?(2 — p?) > p? for -1 < p < 1 and the difference is p?(1 — p?), reaching its maximum in p? = 0.5;
(ii) For n — p = 2, it follows that
Ex [Dia (Fxolfyx)] Exxy]\* [Exx| — 3t (Exx)
m— = 1 - ‘l 2 b
-0 Dt (fxxyslfivx) Zxx| ) [Exxy| —3tr* (Exxy)

being Xxxy = Xxy, as usual in literature;
(iii) Finally, for n — p = 3, the previous limit can be expressed as

_<mmy52 |Exx| T (Zxx) — 4 (P(Exx) — €(Exx))*
[Zxx| [Zxxv| T (Zxxy) — & (P(Exxy) — C(Exxy))”

where p(-) is the sum of the products of the binary linear combinations in the argument diagonal matrix and c(-) is the sum of
the squared elements in the upper triangle.

=2 p%);

Ifinstead of looking at # and £ we focus on deviations from Gaussianity via kurtosis, the measure representation (3) is not so
direct. Calculations and manipulations to get results in this line, will be at the core of this work. Thus, if our interest is in cal-
culating the relative conditional sensitivity to small changes in kurtosis for the MEP family of distributions (3) has the form

Ex [DI<L (f\%)( [fv\x)]
Dyt (f(/f) lf) :

where f, fyx and fx represent the joint, conditional and marginal densities for the normal distribution ( = 1), respectively
and the superscript () denotes the density when g in the joint model is perturbed to § =1 + ¢ and ¢ is the deviation from
normality.

KL divergences for the numerator and denominator are non-negative and are set to zero for g = 1 (Fig. 1). Moreover, the
first derivatives with respect to 8 of such divergences are zero at f = 1 and the second derivatives are the Fisher information
with respect to $, evaluated at the baseline densities, fyxx and f, respectively. Then the limit in (3) will be the quotient of the
curvature values for both divergences. In any case, both the KL measure and the corresponding curvature are often intrac-
table. The numerator in (3) is the mathematical expectation of the random divergence between the conditional densities of
Y|X = x with respect to the density of X. One particular expression of such divergence as a function of x is [17]:

o Jo tP2 exp {— e+ qx)”}dt RIN S
& 2°T (D) 2 2072

lim/jﬁ,l

(3)

Ula, b,s)} , (4)

where U(-) is the confluent hypergeometric function [1] fora=58, b=g+2+1, s=%, and q, is the squared Mahalanobis
distance from x to the center of the X distribution. Assuming that X has a multivariate normal distribution, the random var-
iable gy has a y? distribution with degrees of freedom equal to the number of components of the variable X. In our notation,
qdx is y?-distributed with n — p degrees of freedom. For the denominator in (3) direct calculations yield:

2%‘[‘(%) 1 Z/fr(ﬂ +B)
Di(fPIf) =log—4—4 —= [ n——22_"1].
kw(fPIf) = log Z%F(g)[)’ 3 (n )

4. Computation of local sensitivity
Next we deal with determination of the limit. However, computation of the mathematical expectation in (3) presents

some difficulties. With respect to (4) and with some calculations given that gy is y2-distributed with n — p degrees of free-
dom, we obtain:

f-p/2 B (n
dx P, P, ,dx\|_2TE+H
Eq*{zp/z U(z’“z“’z)} T

Then, we have to determine the limit, as § — 1, of the quotient
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Fig. 1. Quadratic behavior of the simulated conditional KL divergence means (grey lines) and the joint KL divergences (black lines) for joint dimensions of
Z=(Y,X), n = 100,n = 76 and several values of k =&, the ratio of the dimension of Y to the joint dimension. The sample size is 100,000.
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It is well known that, in general, the KL divergence between the baseline and a parameter with perturbed density can be
approximated by a quadratic function of the deviation [15]:

DI(L (f( 144) UC)

where F(p) is the Fisher information for f¥ with respect to the parameter  and F(1) is the Fisher information evaluated for
B = 1. Then both the numerator and denominator in (5) can be approximated by a quadratic function of the deviation. As an
illustration of this behavior, Fig. 1 shows these functions around g = 1 for some particular cases of n and k = p/n. As men-
tioned above, the divergence DKL(f‘%}{fy‘x) is a random variable given by a function of a y? distribution with n — p degrees of
freedom. To evaluate the numerator in (5) for different values of n, k and g, 100,000 observations were simulated from a y?
distribution with n — p degrees of freedom and further transformed by (4) to obtain an approximation of the mean value. For
the calculations, the open source programming language and environment for statistical computing and graphics R [20], is
used
Thus, the limit in (3) can be obtained using second derivatives:

Ex [DKL <f\((‘l?( VY\X) ] (,% Ex {DKL (f\(([‘?( VV\X> ] ‘
i1 Da(fPlf) 2 D (FDIf) g

60 1

2
SF(1)S,

= (6)

The limit in (6) gives the ratio of the local curvature of KL divergence between the baseline and perturbed densities. Some
details on the calculations and regularity conditions for differentiation under the integral sign are given in Appendix A. This
calculations can be computed by numerical integration. Some values are shown in Fig. 2.

The conjecture that measure (3) tends to a constant value of k = p/n as n,p — oo is illustrated in Fig. 2. This implies that
local deviations from normality in the MEP family affect the conditional distribution to a degree proportional to the dimen-
sion of the group of variables considered. In the context of GBNs, this result is intuitively clear, because it implies that net-
work output is greatly affected by normality deviation as the dimension of the evidence variables decreases. Thus, if the set
of evidence variables is larger than the set of interest variables, the local effect of normality deviations on network output is
minimal.

5. Conclusions

A relative sensitivity measure was proposed for evaluating local effects of kurtosis deviations using the KL divergence
measure. We focused on the MEP family, a generalization of the multivariate normal distribution, including distributions
with different tails whose variation is controlled by a scalar parameter. Using Monte Carlo simulations of the random
quantities involved, an asymptotic result on the relative sensitivity measure was obtained. This limit corresponds to the ratio
between the dimensions of the conditional and the joint distributions.
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Appendix A

The second derivative with respect to § of the numerator integrand in g = 1 for each q > 0 is given by

52
o

5,1 1 1 2
= c(m) + —3(J5 B tet ek (in (g + 0)(q + t)de)

2
. (- tho-te o k)

[DI(L (f \(qﬂ;)( Ucwx) ]

1 [ (dkn-1,-1g-1t 2
1 [ g1} z(ln (q+t)>(q+t)(q+t72)dt S
+ —— ></ tFn-le=29-2dt,
(j‘o tzk” 197q 2tdt) JO

wherec(n) =2(In2 +y(8) + %)2 +my(2,1) —2and y(x) is the digamma function, y(x) = £ InT'(x) and y(x, 1) is the trigamma
function, the first derivative of the digamma function [1].
It is evident that as long as the regularity conditions hold [2], because of the nature of the integrals involved, interchange
between derivative and integral signs is allowed and thus
2 . 2
Y 0
= /0 <b,82 Dy (fy\x lfY\X) ‘/1:1 fz(21 oy (q)dq.

;? EX [DI(L (fy(‘ﬁ))( U‘Y\X)]

p=1
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Furthermore, the second derivative with respect to 8 = 1 for the denominator is

S ouron| =afin2 o) v 01 e
p=1
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