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Abstract

This thesis aims to study the local robustness properties of Bayesian posterior summaries and
to derive a robust procedure to estimate such quantities. Such results are then applied to in the
Bayesian Mean-Variance portfolio selection problem. In the first part, we study the local robustness
of Bayesian estimators. In particular we build a framework where any Bayesian quantity can be seen
as a posterior functional. This point of view allows us to construct different robustness measures.
We derive local influence measures for posterior summaries with respect both to prior and sampling
distributions and to observations. Afterwards we address the issue of efficient implementation of
the derived measures through MCMC algorithms. In the second part, we deal with the problem of
robust estimation in a Bayesian context, providing a useful result to generalize univariate robust
distributions to the multivariate case. We also propose criteria to assess when a robust model
is recommended and how to choose among estimates obtained with different distributions. The
third part finally considers the Mean-Variance portfolio selection problem. We give evidence that
the Bayesian approach works better than the Certainty Equivalence approach whenever data are
normally distributed, although this is no longer true when data contain few outlying observations.
Moreover, we compute useful measures of sensitivity of Bayesian weights and we construct and

implement a new estimator, which is robust to the presence of ’extreme’ observations.

Keywords: Bayesian Mean-Variance approach, Estimation risk, Posterior summaries, Robust-

ness measures, Robust estimation, MCMC methods.
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Introduction

The Mean-Variance approach to portfolio theory (Markowitz, 1952; Markowitz, 1959) states that
a risk-averse investor should choose the amount to invest among a set of assets relying just on
the first and second moments of return distribution. Such approach relies on assumptions which
may appear too simplistic with respect to the empirical evidence on asset returns distribution
(Cont, 2001), e.g. the normality of asset returns distribution and independence. Furthermore,
it is not able to account for important characteristics such as the presence of extremely high or
low returns. Nevertheless, this approach is important for both practitioners and researchers in
finance (Britten-Jones, 1999) and it is central to many asset pricing theories. Its popularity in
practical applications is due to the fact that in the classical implementation of this theory (known
as Certainty Equivalence or naive approach) unknown parameters are simply replaced by their
sample estimates. However practitioners find that the derived optimal portfolio allocation is often
unreasonable (Black and Litterman, 1992).

A first reason for this fact is that the naive approach does not consider the estimation risk, i.e.
the risk due to the fact that the estimated parameters display a sampling error which cannot be ig-
nored. There is evidence in the literature that not taking into account parameters uncertainty leads
to suboptimal portfolios (Barry, 1974; Brown, 1979; Jorion, 1986; Cavadini, Sbuelz and Trojani,
2002). A Bayesian approach to Mean-Variance portfolio selection problem is a possible solution
(see Bawa, Brown and Klein, 1979; for a more general reference on Bayesian statistics see Berger,

1985; Cifarelli and Muliere, 1989; Bernardo and Smith, 1994). In this approach Bayesian Mean-



Variance portfolio weights turn out to be a function of the moments of the predictive distribution
of future returns. The Bayesian point of view not only considers parameter uncertainty but also
satisfies the axiomatic paradigm of Neumann-Morgenstern-Savage’s expected utility maximization.

A second reason for this inefficiency is that Mean-Variance portfolio weights are extremely
sensitive to observations. It is found in practice that time series of asset returns are characterized
by the presence of several extremely low or high returns. Such outlying values are due for instance
to market crashes that can hardly be included in the data generating process. This fact can induce a
bias in the estimates and leads to the so called model risk problem. Recent papers deal with model
risk in the Certainty Equivalence approach (Victoria-Feser, 2000; Cavadini, Sbuelz and Trojani,
2002; Perret-Gentil and Victoria-Feser, 2003). They show that few outlying returns have a strong
influence on the composition of the resulting optimal portfolio. Moreover Cavadini, Sbuelz and
Trojani (2002) find that model risk plays a greater role than estimation risk. However no evidence
of this fact is given for Bayesian weights.

This thesis aims to study the robustness properties of Bayesian Mean-Variance weights and
proposes a new estimator which is not too much affected by the presence of extreme observations
in the sample. In order to do this we first review the field of robustness in Bayesian statistics and
we propose a simple and unified framework that helps to construct useful measures of sensitivity
of Bayesian quantities and to build robust Bayesian estimators.

In recent years the question about Bayesian procedures sensitivity to their inputs has become
more and more popular, and all contributions in this sense fall into the category of the so-called
Bayesian robust statistics. Any Bayesian quantity depends on two distributional assumptions and
on a sample of observed data. Most efforts concentrate on building measures of sensitivity to
changes in the distributional assumptions (prior or/and sampling distributions).

One of the first attempts in this direction is due to Box and Tiao (Box and Tiao, 1964; Box
and Tiao, 1992), who distinguish between criterion robustness and inference robustness. When

we make inference from a sample of data, the criterion to draw inferential conclusions (e.g. a



statistics) depends on the assumption we made about the data generating process. Criterion
robustness evaluates how the chosen statistics changes as the distributional assumptions change.
If the statistics does not differ substantially under different distributions, it is said to be (criterion)
robust. However, if distributional assumptions are known to be different from the ones believed, the
fixed criterion would also be different. Inference robustness evaluates how inferential conclusions
change as the criterion changes.

More recent literature within the field of criterion robustness studies the sensitivity of Bayesian
quantities to questionable distributional assumptions. Usually, this uncertainty is represented by
varying the suspected source (either the prior or the sampling model) within a class of distributions.
The global approach to robustness considers large classes of different distributions and evaluates
the range of variation of the quantity under study. A good review on this topic can be found in
Berger (1994). A second direction is the local approach to robustness. It assesses the effects of small
perturbations of the assumed distributions represented by neighborhoods of the base models. The
sensitivity to small deviations from the base model is evaluated with suitable derivatives (Ruggeri
and Wasserman, 1993; Sivaganesan, 1993; Dey et al., 1996; Gustafson et al., 1996; Moreno et al.,
1996; Pena and Zamar, 1997; Gustafson, 2000). Little attention has been paid in the Bayesian
literature to the sensitivity to observations. However this is a well-known matter in the Theory
of Robust Statistics developed in Hampel, Ronchetti, Rousseeuw and Stahel (1986). Here any
statistics is seen as a functional and different quantities can be defined in order to assess the
influence of a single observation in the sample.

Once the sensitivity of a Bayesian quantity has been checked, the next step is to build robust
Bayesian procedures. We find two main directions in the literature. The first direction is developed
within the global approach and applies when a large range of variation is obtained for the quantity
under study. It aims to narrow the class of prior and/or sampling distributions down to the
point where a satisfactory range is reached (see Berger, 1994; Liseo et al., 1996; Moreno et al.,

1996). A second direction applies when normality is adopted for the sampling distribution and



this assumption may appear inadequate because of the presence of few atypical observations. In
Bayesian analyses the normality assumption is often convenient in order to obtain analytical results
for the posterior distribution. However, in this case it is well known that the sensitivity of posterior
quantities to observations is more pronounced and that only few atypical values in the sample
heavily influence estimates. The reason for this fact has been found by many authors in light tails
of the normal model adopted (Box and Tiao, 1992; Dawid, 1973; Zellner, 1976). Robustness with
respect to atypical observations is achieved by choosing a so-called robust model, i.e. alocation-scale
family of symmetric unimodal distributions enriched with ‘robustness’ parameters that control its
shape (see Box and Tiao, 1962; Ramsay and Novick, 1980; West, 1984; Albert et al., 1991).

This thesis follows the local approach to Bayesian robustness. Such approach would consider
the fact that asset returns display sometimes ’extreme’ values which can be hardly reflected in a
normal data generating model and we may be interested to capture the structure of the stochastic
process that generates the bulk of the data. In the first chapter we build a framework where any
Bayesian quantity can be seen as a posterior functional and its sensitivity to all inputs is checked.
Moreover, we derive local of influence measures for posterior summaries with respect both to
distributional assumptions and to observations and we consider the issue of efficient implementation
of the derived measures. In the second chapter we deal with the problem of robust estimation in
a Bayesian context, providing a useful result to generalize univariate robust distributions to the
multivariate case. We also propose criteria to assess when a robust model is recommended and
how to choose among estimates obtained with different distributions. Finally, the third chapter
considers the Mean-Variance portfolio selection problem. We give evidence that when data are
normally distributed the Bayesian approach works better than the Certainty Equivalence approach,
but this is no longer true when data contain few outlying observations . Moreover, we computed
useful measures of sensitivity of Bayesian weights and we construct a new estimator which is robust

to the presence of ’extreme’ observations.



Chapter 1

Local robustness measures for

posterior summaries

1.1 Abstract

This paper deals with measures of local robustness for particular Bayesian quantities, i.e. poste-
rior summaries. We build a framework where any Bayesian quantity can be seen as a posterior
functional and its sensitivity to all inputs is checked. First, we use the Gateaux derivatives to
measure the impact on posterior summaries of perturbations of prior or sampling models, giving
some general expressions. Such quantities capture both a ’data effect’ and a 'model effect’ on the
functional. Secondly, we check the sensitivity to one observation in the sample, once a particular
combination of prior/sampling models has been chosen. Moreover, we propose a new estimator of
the Bayes factor for efficient implementation. Finally, illustrative examples of sensitivity analyses

are provided and discussed.



1.2 Introduction

Any Bayesian quantity depends strongly on the modeling assumptions and on the sample of ob-
served data. Bayesian Robust Statistics evaluates the sensitivity of this quantity to their inputs
and in recent years there has been a growing literature in the field (D. Rios Insua and F. Ruggeri,
2000). Most efforts concentrate on global robustness, in particular with respect to prior specifica-
tion. Such approach consists in calculating the range of the quantity of interest as the model varies
within a class of distributions. If this range is small, the quantity is declared to be robust. If not,
further analysis is needed. For more details on this issue see Lavine (1991), Berger (1994), Basu
(1999), Sivaganesan (1999, 2000), Berger et al. (2000), Moreno (2000) and Shyamalkumar (2000).

A second approach - named local - assesses the sensitivity to deviations only in a neighborhood
of the reference model. Measures of local robustness are obtained by suitable derivatives of the
functional (Ruggeri and Wasserman, 1993; Sivaganesan, 1993; Dey et al., 1996; Gustafson et
al., 1996; Moreno et al., 1996; Pefia and Zamar, 1997). The functional is said to be robust if the
measure is small. Also in this case, most contributions are only concerned with local prior influence
(Gustafson, 2000).

In this paper we deal with local robustness. It is interesting to note that the same approach
is used in robust statistics as developed in the frequentist framework (Huber, 1981; Hampel et
al., 1986). However the robustness perspective slightly differs in a frequentist and in a Bayesian
context. We discuss this point in Section 1.3, introducing the concept of functional and looking
at any Bayesian quantity as a function of three distinct elements, i.e. the prior, the sampling
model and the data. Such point of view constitutes a simple and unified framework for robustness
evaluation in Bayesian statistics. In particular we consider the posterior expectation of a generic
function p(6), called posterior summary. The goal of this paper is to check the sensitivity of
posterior summaries to a given input, all the rest remaining fixed. Different diagnostic tools
for distributional assumptions -called local influence measures- are derived in Section 1.4. Such

measures capture the impact on the functional of contaminations of the reference model in different



directions. The sensitivity of a Bayesian functional to observations is addressed in Section 1.5.
Section 1.6 deals with the matter of implementation of local influence measures when analytical
calculations are not feasible. Starting from the work of Chen and Shao (1997), we propose a new
estimator for the Bayes Factor which is more efficient in terms of computational time. Illustrative
examples are given in Section 1.7. Finally, Section 1.8 gives a summary of the findings and Section

1.9 suggests possible directions for future research.

1.3 Frequentist and Bayesian robustness

In this section we underline some common and different features of the robustness concept in a
Bayesian and in a frequentist framework.

First let us introduce some notation. We will use capital letters for both a probability distri-
bution and its corresponding cumulative distribution function. Moreover, we denote with small
letters the corresponding density, when it exists. We consider i.i.d. one-dimensional random
variables X = (Xi,..,X,) generated by a reference distribution Fjp,, which belongs to the set

F* = {Fy:0 € ©}. Each observation in sample = (z1,..,2,) takes value in a sample space

[1]

CR.

We denote by F, (y) = 3" | A, (y) the empirical distribution where A, (y) is the Dirac
distribution which puts mass 1 at z. In a Bayesian setting we also define II(#) and P(f|x) to be an
element respectively of the set IT* of all possible priors and of the set P* of all possible posteriors
on the parameter space O.

In frequentist statistics observed data are used to make inference on the true parameter value 0y,
which is assumed to be a fixed constant (Cox and Hinkley, 1974). The approach of classical robust
theory based on influence functions (Hampel, 1974; Hampel et al., 1986) deals with estimators that
can be (at least asymptotically) expressed as functionals, i.e. T, (F,) = T(F,) for all n and F,.

Such functional T': F* — R* is such that it converges to the asymptotic value of the estimator

(T(Fy) — T(Fy,)) and that Fisher consistency holds (T'(Fp,) = 6o).



Measures of robustness to small deviations from the reference model are obtained by computing
the influence function (IF'), which is the Gateaux derivative of the functional under a locally per-
turbed distribution in direction of a point mass. Therefore the evaluation of robustness properties
of the estimator occurs at an asymptotic level. In the sample one can calculate some empirical
version of the IF' such as the Empirical Influence Function and the Sensitivity Curve.

In Bayesian statistics the parameter 6 is not a fixed quantity, but a random variable, whose
entire probability distribution has to be computed (Bernardo and Smith, 1994). Two distributions
are matched with the observed data: II that represents our knowledge a prior: on 6 and Fy that
expresses the parametric model we believe generated observations x. Using the Bayes theorem,

the posterior distribution for parameter 6 is obtained:

P(Olr) = 7%‘2“11(?3 (11)

P (0]z)
m (z; 11, Fp)’

where Lp (z]0) = H fo () is the likelihood and m (z;II, Fp) = [p(0]z) df is the marginal likeli-
hood. Inferential conclusions on the value of 6 are based on (1.1).

Any Bayesian quantity can be expressed as a functional of type
Tp: F; xII" x F* = 7T,

where F¥ = {all discrete distributions with probability p1,..,p, at the points z1,..,2,, p; > 0,
> ;pi =1} and T is a suitable space. For example, one can be interested in the entire posterior
distribution (Y = P*) or in some posterior summaries (Y = R* &k > 1).

When the number of observations increases, the impact of II on (1.1) disappears because the
likelihood dominates the prior distribution and the posterior collapses to a point mass on the true
parameter value 6y. Therefore, Bayesian functionals satisfy T (F,, I, Fy) =2 T(Fy,). Asymp-

totic functionals do not allow to capture the sensitivity of posterior quantities to perturbations

in the prior. Hence, we will work with sample-based functionals. In particular we will focus on



robustness evaluation for posterior summaries of type
To(F 11,5 = [ 0(0)p (61)db (1.2)

In the sequel we will in short denote T and m (x) respectively the posterior summary and the

marginal likelihood under reference models II and Fy.

1.4 Sensitivity to distributional assumptions

In this section we deal with the sensitivity of a Bayesian estimator to small departures from the
assumed model, either the prior or the sampling distribution. In order to simplify the notation we
will denote the posterior functional only as a function of the distribution under study, say a distri-
bution H, keeping the remainder fixed. We represent these deviations through e—contamination

classes of type:

L(H)={H.=(1-e)H+:C|0<e<1,CeC"}. (1.3)

Set (1.3) represents the perturbation of the reference distribution H in the direction of C' and
¢ is the contamination’s amount (assumed to be small in local analysis). Clearly, the wider the
set of contaminating distribution C* is, the richer the neighborhood we are considering. As in
Sivaganesan (1993) and Pefia and Zamar (1997), we measure the impact of such contaminations

on functional (1.2) by the Gateaux derivative:

o (1.4)

_ / p(0) [%} o

We refer to this quantity as local influence (LI) of T when H is perturbed in the direction of C.

LI(C;Tg, H) = [aTBi(H)} B

Note that measure (1.4) is a sample-based quantity. We will see that it captures both a ’data effect’,
i.e. the effect on the functional of choosing a contaminating model which is more adequate than the
reference one with respect to observed data, and a 'model effect’, i.e. the effect on the functional

value of perturbing the reference model in some directions. The strong dependence of measure



(1.4) on the sample is the reason why Sivaganesan (1993) looks at it only to compare whether
a functional is more sensible to prior or sampling model specifications and does not evaluate its

magnitude. For this purpose we define

LI(C;Tg, H)

LI*(C*;Tp,H) = sup s (1)

CeC~

: (1.5)

which gives the maximum relative effect on the functional as the distribution moves locally around
H in different directions. Measure (1.5) evaluates the magnitude of the sensitivity of the functional
and can be used to compare robustness properties among different functionals. In the following

sections we derive local influence measures for both the prior and the sampling model.

1.4.1 Prior distribution

Many papers in Bayesian robustness are concerned with the assessment of the sensitivity with
respect to the prior (Ruggeri and Wasserman, 1993; Gustafson et al., 1996; Moreno et al., 1996;
Pefia and Zamar, 1997). The main reason for this widespread interest is probably due to the feeling
that prior knowledge formalized by the researcher is the most subjective source of the analysis.
Much work has been done in the direction of global robustness. A good review on the topic is
provided by Berger (1994).

Local robustness assesses effects of small prior perturbations on the functional. We consider a
neighborhood of the reference prior II of type (1.3), with @ the contaminating distribution. The

local influence of T when II is perturbed in the direction of @ is given by:

LI(Q;Tp, 1) = {aTBa—(aHE)} =0

= oo (e ) )
— /0(9) Lr (z]0)[q(6) —=(0)] :_

m ()
m (5 Q. Fy) = m ()] L (2(6) w(6)
+/p(9) oy de
- MmO R) g’)F 2 175(Q) — To), (L6)

10



where m(z; Q, Fp) and Tr(Q) are respectively the marginal likelihood and the posterior summary
obtained when the prior is Q). Measure (1.6) depends on two factors. The first is the ratio of
marginal likelihoods under contaminating and reference distribution respectively (Bayes factor).
This can be regarded as a measure of data supporting degree for different contaminating priors
that compares the researcher’s subjectivity and the objectiveness of the data. If this amount is
greater (smaller) than one, data may be said to support more (less) the contaminating prior then
the reference one. For this reason the Bayes factor can be said to capture a 'data effect’” on the
functional. The second factor is the difference between the functional value computed under the
contaminating and the reference prior respectively. It captures the effect on the functional when
choosing a different model for the prior and we refer to this as 'model effect’. For example, if
the value of T(Q) is very different from the value of T, the model effect turns out to be large.
However the total effect on the functional will be large itself only if model ) is not completely

discarded by the data, i.e. the Bayes factor does not go to zero.

1.4.2 Sampling distribution

Another source of possible misspecification is the data-generating model. Robustness with respect
to sampling model specification is referred in the literature as model or likelihood robustness. In
most scenarios inference will depend much more heavily on the model than on the prior (see Section
1.3). However, few contributions in assessing likelihood robustness can be found in the literature
(see Sivaganesan, 1993; Dey et al., 1996; Gustafson, 1996; Shyamalkumar, 2000).

This fact can be explained by considering the non linearity of the posterior with respect to the
sampling distribution. Indeed when regarded as a function of the prior, (1.1) is a ratio of two linear
functionals, or briefly is said to be ratio-linear. This is not true when considered as a function of
the sampling model, as the sampling density enters through the likelihood function. This often
leads to intractable global analysis from an analytical point of view. However, in local analysis

this problem can be tackled by taking the derivative with respect to the quantity of contamination

11



€ when ¢ is small.

Assume we represent uncertainty about the reference sampling model Fy by (1.3) with G the
contaminating distribution. The obtained perturbed likelihood will be differently combined with
the prior according to the information G brings on 6.

If G is a distribution still depending on parameter 6, we denote the contaminating distribution
by Ggy. For example Gy can be an unimodal distribution around 6. In this case the local influence

of Tg when Fy is perturbed in the direction of Gy is given by

carur - [IE)
e=0

_ 9 (L. alt) -=(0)

- [/p(@) e < m (z; 10, Fp..) >d9L_O

_ ZW[TBJ (Fp, Go) — Ty, (1.7)
where

m; (2 1, Fy, Gg) = /p~j (0]z) db

and

[ p(0)p; (O]z)do

T . F. =
B.,j (Fo; Go) m;(z; 11, Fy, Go)

are respectively the marginal likelihood and the posterior functional obtained when the sampling

distribution is Gy only for observation x; and Fy for the others, the quantity p; is defined as
P (0z) = go (z;) Lr (z(—|0) 7 (6),

and x(_; is the sample z without observation z;.
If G does not depend on 6 we denote the contaminating distribution by V. The local influence

of Tg when Fy is perturbed in the direction of V is then given by:

LI(V;Tp, Fy) = [—MB;SQ’E)] By
0 e (z|0) -
- oz (GaRng) ol
- Z—mﬂ'@;ﬁ’ﬁ’v) [T,g—ﬂ_TB}, (1.8)

J

12



where mj(x; 11, Fy, V') = v (z;) -m(z(_;); IL, Fp) and m(z(_;);II, Fy) and T](;j) are respectively the
marginal likelihood and the posterior functional under reference models using sample x(_jy. For
detailed calculations see Appendix A.

For any observation z; the local influence measure for the sampling distribution is still a function
of two factors and it captures both a ’data effect’ and a 'model effect’. The Bayes factor plays the
important role of increasing (decreasing) the difference when data support (do not support) the
contaminating distribution more than the reference distribution for observation j (’data effect’).
The second factor is the difference between the value of the functional computed when model G is
assumed only for observation x; and the base functional Tg. Note that observation z; enters in the
calculation of the former value only if G’ depends on 6. Otherwise, z; cannot give any information
for updating our prior knowledge and the resulting functional has the form of the reference one
where one observation has been dropped out. The total effect on the functional of perturbations

of the sampling model turns out to be the sum of the effect for each observation.

1.5 Sensitivity to observations

In the previous section we assessed the influence on posterior summaries of a perturbation of the
assumed model in some direction. In this section we measure the influence of a given observation
in the sample (outlier robustness). It is worth stressing the difference between model robustness
and outlier robustness. Model robustness evaluates the impact on the functional of a small con-
tamination of the reference sampling model (see section 1.4.2). Outlier robustness evaluates the
effect of moving one observation in the sample once prior and sampling distributions are fixed. In
this section we still denote the Bayesian functional as a function of the distribution under study,
i.e. the empirical distribution.

Little attention has been paid in Bayesian literature to the impact of outliers and mainly focused
on the posterior distribution. Ramsay and Novick (1980), for example, propose to look at the rate

of change of the sampling model density with respect to an observation value. A similar idea is
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used by West (1984) on Bayesian regression. However such approach is hardly applicable because
it involves derivatives which are difficult to compute apart from particular family of distributions.
The same problem is addressed by Chen and Fournier (1999). Their influence measure summarizes
the difference between posterior distributions computed with original data and with an additional
observation. Such posterior distributions are obtained through the use of numerical techniques
and are therefore always applicable.

In this paper, however, we do not deal with posterior distributions directly, but with posterior
summaries. Studying the sensitivity of such a quantity to observations is a well known matter in
frequentist robust statistics. It is done by means of the Sensitivity Curve (see Hampel et al., 1986),
defined as

SC(Z) — [TB (Ffi) — TB (Fn—l)]’ (19)

S|

where F,,_1 = (1, ..,T,—1) is the empirical distribution of the sample of (n — 1) observations and
F? = (x1,..,2n—1, %) is the sample in which observation z has been added. In a Bayesian context
this measure captures the influence of moving just one observation under a certain prior/sampling
model combination. If this measure diverges as z becomes larger, the functional is said to be non
robust with respect to observations. Typically this curve is useful to identify observations with
a large influence, such as outliers and loosely speaking an outlier is defined to be an observation
that is unlikely to have been generated by the assumed sampling model. For its simple definition
(1.9) can be implemented even when analytical calculations are not feasible by means of numerical
algorithms.

In the next section we will discuss the practical implementation of local sensitivity measures

derived in the previous sections when analytical results are not available.

1.6 Implementation of local sensitivity measures

Posterior distribution and local influence measures are analytically tractable when conjugate prior

and sampling models are assumed. However, often this is not the case and we need to use numerical
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procedures to compute them. Typically MCMC algorithms are used to generate a sample from
complicated distributions. Local influence measures can be then easily obtained by estimating the
Bayes factor and the functionals under reference and contaminating distributions. In this section
we concentrate on implementation of (1.7) by means of Metropolis-Hastings algorithm and we
propose a way to speed up its computation.

Local influence measures for the sampling distribution involve the computation of Bayes factors
and of posterior summaries (see Section 1.4.2). We first consider the estimation of the former
quantity (shortly denoted by r;), which is given by

r; = W (1.10)

J b, (6]x) do
Iplw)ds

Different bridge estimators (Meng and Wong, 1996; Chib and Jeliazkov, 2001; Mira and Nicholls,
2001) are available. However, to compute such local influence measures we would have to run n+1
simulations, where n is the number of observations. Clearly, the estimation procedure will take a
long time when n is large.

We need a way to be more efficient in terms of computational time. A good starting point is

the two-stage estimator proposed by Chen and Shao (1997). Ratio (1.10) can be written as

p;(0]z) 0) do
re = €(9) ¢( )_ (1.11)

Jj— >0z )
[ B¢ (0) do

where £ (f) is an arbitrary importance sampling density. When observations are i.i.d. from &, the

importance density which minimizes the relative mean square error of the estimator is given by

p; (Olz) —p (0]2)|
J i (0lz) = p(6]x)| dO

|p; (0]x) —rj - p(0]2)|
J1p; (Olz) —r; - p(6]z)| d6’

o) =

(1.12)

where p; = p;/m; and p = p/m.

t

The corresponding estimator ?}’p is implemented in two stages. First, a Monte Carlo estimate

of (1.11) is computed with a random sample from an arbitrary distribution. Then a random draw
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from (1.12) can be obtained by means of a MCMC simulation. One advantage of 77" *is that its
estimate is available with a single random sample from 5]0-’) " rather than two samples respectively
from p; and p. However, we are still expected to generate n samples to compute (1.7).

In order to run a single MCMC simulation we propose to use an importance sampling density
with a form similar to the optimal one, but which does not depend on j. Such a density is given

by
p* (0lz) —r* - p(6]z)]
[ 1" (0]z) —r* - p(0]z)| dO’

where p* (0|z) = % Z;?Zl p; (0]z) and r* = %%. Figure 1.1 compares density (1.13) with the

£ (0) = (1.13)

posterior densities p and p_’is.

Figure 1.1: Importance sampling densities £* and posterior densities p and p;’s.

The sampling density displays fatter tails which is a crucial characteristic for a good importance

sampling. The corresponding modified two-stages estimator is given by

n p;(0i]x
TS B »
i T Sne p0aln) (1.14)

it £ (0i]x)
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where [0,]5, is the output of a MCMC simulation for (1.13). We tested the performance of the
new estimator by running K = 30 independent simulations of length s (s = 1000, 2000, .., 5000)
under the normal sampling model. For each chain we estimate (1.14) and we compute its mean
value with the corresponding confidence interval. Figure 1.2 shows that estimator (1.14) behaves
well with a mean value of 7} close to the analytical value and smaller variability with increasing

number of simulations.
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Figure 1.2: Analytical and estimated value of r; (j = 1,2,3) with confidence intervals.

To estimate the local influence measure for the sampling distribution, we still need to compute
Tp and T ; (Fy,G). The former quantity can be obtained by running a MCMC simulation for

posterior p. The latter can be obtained using importance sampling technique with different sampling
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densities. If £* is chosen as importance density, measure (1.7) can be written as

m;(x; 11, Fy, G)
m(x)

LI(G;Tp,Fy) = Y

J

- [ @m0 a0~ [ 5 @001 0]

= S o) YD e gy an— [ o) 01 d&]
; [mj /p<>§(9x)s<|> /p<>p<|>

Tp,; (Fo,G) — TE]

— Z |f‘§ : /p(a) f_g; (ela:)g* (0|z)dd —r; - /p(e)p(a\x) d@] , (1.15)

¢ (Olz)

where r¢ = Z£. Denoting by [0,],”, and [6;];5; respectively the samples from p (f|z) and from

£* (), the ratio r¢ can be estimated using optimal Meng and Wong’s bridge estimator given by

1 N (0s)
™ 2 ne - € (0s) + ny - FL - (0s)

€ T 1 Ny (0:)
ne 2im1 ne - € (0:) + np - 7L - p(0:)

L
An estimator of (1.15) is then obtained as
SIMER SN ICOANPY SR
LI(G;Tg, Fo) = Z Te —Z (0:) =——— | — 7] —Zp(GS) : (1.16)
j=1 i=1 § (0ilw) " 2

If p is chosen as importance density, measure (1.7) can be written as

mj(x; 11, Fyp, G)
m(x)

S| [ o0 28 00— [ 5601 0]

LI(G;Tg, Fp) = Y. [Ts,; (Fo,G) — Tg]

and its estimator is given by
L& p (6, w) (1 &
P s=1

Jj=1

In the next section we will provide some examples on how to perform a Bayesian sensitivity analysis.

1.7 Examples of local sensitivity analyses

In the following simple examples we perform sensitivity analyses of the functional of interest. We

keep the same notation as in previous sections. We first consider the Bayes estimator given by the
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mean of the posterior distribution. For this example we simulate a sample of n = 3 observations
from a standard univariate normal given by (0.5375,1.4221,1.0946). Then we consider a Bayesian
regression model using real data. In both case we perform conjugate analyses in order to obtain

analytical results.

1.7.1 Posterior mean

The posterior mean is a frequently used estimator of the parameter of interest. We now illustrate
how a sensitivity analysis on this functional can be carried out. We assume that prior Il is N (6, 03)
with #p = 0.5 and 6§ = 1. Moreover sampling distribution Fy is N (6,0?) with ¢ = 0.2. The

posterior mean and the marginal likelihood can be computed analytically and turn out to be

respectively
2 2
no o
Tp = 0 7 0
B na%—&—cﬂx no? +o2 "
and
_n 2 (n—1) 5 _1
m(z) = (2m) 2 (0°) 7 (nog+o°) 2

e 1 Z ( _)2 o n (00 - E)Q

-exXp — T;—T XpR ————5—= ¢ .

P\ T2 - ! P12 (nod +o2)

First, we assume we are not very confident about the value of prior mean 3. We express our uncer-
tainty through the set of possible contaminating prior distribution Q = {N(X08): Ne[-45,5.5]}.

In this case the local influence measure is given by (1.6) with

no? o?
T, = 7
5(Q) no3 + o2" nod + o2
and
_n 5 _(n—1) 9 o —1
m(z;Q, Fp) = (2m) 2 (O’ ) (nao +0o ) 2.

exp —oms 3 (@~ T)? b ex IOt
PN o2 - ! P173 (no3 +a2) [~
Table 1.1 and Figure 1.3 show such a measure for different values of 63. The magnitude of

LI decreases with increasing prior variances, meaning that flatter priors are less influenced by

perturbations. The two factors of measure (1.6) are displayed in Figure 1.4.
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0.5 1 10 100
Ty 0.9571 0.9857 1.0146  1.0177
LI* (@; T, H) 0.1270 0.0702 0.0148  0.0029
A for LI* (@;TB, H) 1.6 1.8 3.9 5.5
A for max m(z; @, Fp)/m (x) 1 1 1 1

Table 1.1: Relative local influence measures of the posterior mean with

respect to the prior model with different prior precision.
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Figure 1.3: LI(Q;Tg,II) measure for the posterior mean with different values of prior variance o3.
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The effect on the functional of choosing prior @ instead of prior II ('model effect’) is linear and
smaller with decreasing prior precision. Moreover, priors with A around the value of the sample
mean (T = 1.01) appear to be more adequate than II for small value of 03. As long as the reference

prior becomes flatter, the Bayes factor approaches to 1 for all possible contaminating distributions.

= oi=05
— o
e =1
5 _ c%=1DD
o
- =05
= —135=1
£ =10
u® - a%:mn
2
£

Figure 1.4: Difference Tz (Q) — T and Bayes factor for different values of prior variance o3.

We turn now to the sampling model. We account for perturbations of the reference distribution
in the direction of flatter ones. The chosen contaminating set is G = {N(6,7%) : n* € [0.2,2]} .Clearly
this contamination is quite restrictive, but it leads to analytical results. LI measure for the sam-

pling model is given by (1.7) with

_ (n—2)

o) 1
T FnGe) = (0 (@) 5 (0P (0 )i+ o)
. ex _L (m—f ) )2_ 0'2 (w]_eo)Q
p 20’2 poy ? (=3) 2 (0—2772 + (TL _ 1) ,}720_8 ¥+ 0_20_%)

exp {_ (n =1 F—p —0o)" + (n— D)o} (T-T(p)" }

20202+ (n—1)n?02 + 0203)

where ZT(_;) is the mean of the sample without observation z;. Calculations can be found in
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Appendix B.
Table 1.2 and Figure 1.5 show measures (1.7) for different values of o2. LI measure is very

small when o2 = 0.2, which corresponds to the value of the sample variance, and LI* shows its

2

minimum value which is around 0.009. As long as ¢ moves away from 0.2, LI* increases up to

around 0.065.

g
0.1 0.2 1 4
Ty 1.0014 0.9857 0.8885 0.7220
LI* (ég; Ts, F9> 0.0650 0.0096 0.0544 0.0651
n? for LI* (ég; Ts, Fg) 1.0 0.6 4.0 13.6

Table 1.2: Relative local influence measures of the posterior mean with

respect to the sampling model with different sampling precision.

To better understand such a result, each row of Figure 1.6 plots the two factors of measure (1.7)
for observation j (j = 1,2,3). The 'model effect’ on the functional is increasing with increasing
variance of the contaminating model, but it is no longer linear as in the prior case. When % = 0.1
or 02 = 0.2, data support at least few contaminating models more than the reference one. This
is not true in other cases where the Bayes factor declines rapidly. Therefore the plot of the Bayes
factor helps also to check whether the assumed sampling model is reasonable with respect to the

data we have in the hand.
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Figure 1.5: LI (G;Tg, Fy) measure for the posterior mean with different values

of sampling variance o2.
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Comparing now the two bold columns in Table 1.1 and Table 1.2, we conclude that with
these data the posterior mean is more sensible to perturbations in the prior model specification
(LI* (@; TB,H) — 0.0702 > LI* (ég; TB,FQ) — 0.0096). However both measures are small and
the estimate is evaluated locally robust with respect to our distributional assumptions.

Finally Figure 1.7 plots the SC (z). We let observation z move in the range [—5,5]. The effect
of an extreme observation on the posterior mean with a normal prior/normal sampling model

combination is linear and therefore potentially unbounded.

50(z)

Figure 1.7: SC for the posterior mean under normality of both prior and sampling distributions.

Hence, it is crucial to assess whether some extreme observations are present in the sample.
We expect that in such a case measure (1.7) increases since data would support sampling models
with higher variance more than the reference one and model effect would also display a greater
value. In order to investigate this point we introduce the observation x4 = —5 in the sample and
we compute LI measures again. Results given in Table 1.3 support our hypothesis. Therefore in

presence of outliers measure (1.7) takes into account the fact that the normal distribution becomes
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inadequate.

Ty —0.4395
LI* (@; T, H) 0.2303
LI* (ég; Ty, Fg) 7.41.10%

Table 1.3: Relative local influence measures of the posterior mean
with respect to the base prior and sampling models.

Contaminated sample.

1.7.2 Linear Bayesian Regression

We now consider the Bayesian linear model y = X + u. For simplicity, we assume that the

error distribution F' is a IV (0,021 ) with known variance o2.

We further adopt a normal prior
distribution II(8) of type N (8y,0%%0) . Under the assumed models, the Bayes estimator of 8 is
given by

Bayes = (B0 +X'X) " (5580 + X'y) -

If Q is the family {N (0,0%%0) : o < g < g™} that accounts for uncertainty in the prior

mean, measure (1.6) is given by

LI(QTsTT) = o

exp {_ (00 — Bo) [B5 = 257 V'55"] (e — Bo) } |
X+ 557 5 a0 - )] (118)

Furthermore, assuming a contaminating family G for the sampling distribution of type {N (0, A1 ) :

™ < ¢? < "}, measure (1.7) becomes

_1 2 2, A -17
= C2 |V| 2 (C_2 o 1) y.i + ﬁBayesV /BBayes
it P =3 () 5
j=1 :
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=)

) -1
6Ba esV‘ BBa es ~(9) )
- €xXp - 2302 . ’ <BBayes - IBBayes) ) (119)

-1
where ¢? is the variance of the contaminating distribution, V; = [ X +‘Z—22:Ej:r;- + 351

and Bgiyes =V;- (ngj)y(,j) + ‘Z—jacjyj + Ealﬁo) are respectively the posterior variance and mean
/

when distribution G is assumed only for observation j, x’,

7 1s the row of matrix X corresponding

to observation j, X(_;) and y_;) are respectively matrix X and vector y without observation j.
For detailed calculations see Appendix C.

Relative measures of local influence are given respectively by

LI* (@;TB;H) = sup ‘dmgfl (BBayes) LI (Q;TB,H)‘
€

and

LI (é;TB;F> = sup ‘a’iagi1 (EB@yeS) LI (G;Tg, F)
GeG

where diag™! (BBayes) is the inverse of the diagonal matrix with diagonal elements given by
B Bayes:

Bayesian estimation and local influence measures in the normal linear model are now illustrated.
We use the same data set employed by Ramsay and Novick (1980). These are observations on 29
children on 3 psychological variables: a test of verbal intelligence (VI), a test of performance intelli-
gence (PI) and sin™! (,/p;), where p; is the proportion correct on a dichotic listening task (DL). We
regress DL on remaining variables including a constant term. [, and 5 are the coefficient corre-
sponding to VI and PI respectively, whereas (5 is the intercept. We also adopt the same values for
both prior parameters and sampling variance which have been discussed at length by the authors.
Analytical Bayes estimate of regression coeflicients BBayeS equals (0.7458,—0.0734, 38.3505)/.

Plots of measure (1.18) and (1.19) are shown in Figure 1.8 and Figure 1.9. Each component
of contaminating prior mean «q varies in the range (—2,2) with respect to the corresponding
component of 5,. The impact on the Bayes estimate of contaminations in the prior is negligible.
However, this is probably more a proof of the disappearing impact of the prior as the number of

observations increases than a sign of robustness itself.
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Figure 1.8: LI (Q;Tg,II) measure for regression coefficients.
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Figure 1.9: LI (G;Tp, F') measure for regression coefficients.
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2 moves in the range (02, 10 - 02). Perturbations of the sampling

Contaminating variance ¢
distribution play an important role on the estimates. The effect seems more pronounced for
intercept (4, but relative measures of Table 1.4 reveal a stronger impact for 5. The size of LI*

measure for the sampling model is not negligible at all. Coefficient estimates turn out to be very

sensitive to the assumption of a normal model for the data generating process.

component 1 2 3

LI* (é; TB;H) 22.10719  29.10°18 1.0-10-18
ap for LI* (@;TB; H) ~1.69 ~1.69 41
LI* (é; Ts: F) 42.93 458.18 13.14
2 for LI* (é; Ty F) 360 360 360

Table 1.4: Relative local influence measures of regression coefficient

estimates with respect to the base prior and sampling models.

We now concentrate on the sensitivity to observations. We move the value of the first two
regressors in the range! (65,135) as represented by asterisks in Figure 1.10 and we look at the
effect on the estimates. Figure 1.11 measures whether the added observation is an influential point
through the Cook’s distance. As the value moves away from the mean value of the regressors
(VI = 99.75 and PI = 104.89), the added point becomes more and more influential. The same
pattern is found in Figure 1.12 where the SC of 3 is displayed. Coeflicient estimates are strongly
dependent on the value of just one observation. In normal regression, hence, coefficients turn out
to be so sensible that we do not necessary have to observe “extreme” value before estimates are

influenced.

I This interval represents the theoretical values of the regressors.
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Figure 1.11: Cook’s distance for observations which have been added.
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Figure 1.12: SC of regression coefficients moving the first two regressors in the range (65,135).

1.8 Summary

In this paper we construct a framework to perform the sensitivity analysis of any Bayesian quantity
to all inputs. Bayesian robustness literature considers the sensitivity mainly to the prior distri-
bution only. In our framework the sensitivity to all inputs is considered, giving a picture of the
whole robustness properties of the functional itself. We concentrate on posterior summaries and we
measure the impact of perturbations of prior or sampling models in different directions by means
of local influence measures. Such impact is the product of two effects: a ’data effect’; i.e. the effect
on the functional of choosing a contaminating model which is more adequate than the reference
one with respect to observed data, and a 'model effect’, i.e. the effect on the functional value of
perturbing the reference model in some directions. In some special cases we also derive analyti-
cal formulations for these quantities. Local influence measure for the prior model decreases with
flatter (less informative) prior and with increasing number of observations. However, the latter is

probably simply an effect of the disappearing impact of the prior as the number of observations
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increases.

Then we check the sensitivity of a Bayesian functional to observations by means of the Sen-
sitivity Curve. Typically this curve is useful to identify observations with a large influence, such
as outliers and loosely speaking an outlier is defined to be an observation that is unlikely to have
been generated by the assumed sampling model. Therefore when the influence on the functional of
a single observation is potentially unbounded, it is crucial to determine whether some outliers are
present in the sample. We show that the local influence measure for the sampling model can be
used for this purpose. In this case, indeed, it assumes huge values revealing that reference sampling
model is very sensitive to perturbations and hence probably inadequate for the presence of some
outlying observations.

Finally we deal with the issue of practical implementation. We concentrate on the local influence
measure for the sampling model and we propose a new estimator for the Bayes factor which speeds
up computations. Such estimator performs well, giving precise estimates with small confidence

intervals.

1.9 Outlook on future research

In this final section we suggest some possible directions for future research. First, it would be
interesting to extend the local influence measures proposed in this paper to more general measures,
e.g. measures that consider the sensitivity to more than one input a time. This would help to
assess the combined effect on a Bayesian quantity of perturbing a particular prior/sampling model
combination. A second direction would be to consider the intrinsic discrepancy measure between
probability distributions (Bernardo and Ruenda, 2002). Such measure has been shown to have
many attractive properties (Bernardo and Judrez, 2003) and it may be used to define a new type

of sensitivity measures.
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Chapter 2

Robust Bayesian estimation

2.1 Abstract

This paper deals with the problem of robust estimation in a Bayesian context. We present an
overview on some families of so-called robust distributions and we show that they belong to the
family of elliptical distributions. According to this result, extensions to the multivariate case can be
easily obtained. Moreover we propose criteria to assess when using a robust model is recommended

and how to choose among estimates obtained with different models.

2.2 Introduction

The problem of building robust estimation procedures in a Bayesian context is an intriguing issue.
In 1980 Box argues that to build efficient models, model robustification is required, “where by
robustification I mean judicious and grudging elaboration of the model to ensure against particular
hazard (..). Robustification becomes necessary when it is known that likely, but not easy detectable,
model discrepancies can yield badly misleading analyses.”

In the Bayesian literature we find two ways to build robust procedures. The first one is used

within the global approach and applies when a large range is obtained for the functional. It aims

33



to narrow the class of prior and/or sampling distributions down to the point where a satisfactory
range is reached. We refer for example to Berger (1994), Liseo et al. (1996) and Moreno et al.
(1996) for different ways of reducing the width of a class. A second way applies when normality is
adopted for the sampling distribution. In Bayesian analyses this assumption is often convenient in
order to obtain analytical results for the posterior. However, in this case it is well known that the
sensitivity of posterior quantities to observations is more pronounced and that only few atypical
values in the sample heavily influence estimates. The reason for this fact has been found by many
authors in light tails of the normal model adopted (Box and Tiao, 1992; Dawid, 1973; Zellner,
1976). Robustness with respect to outliers is achieved by choosing a so-called robust model. A
robust model consists in a location-scale family of symmetric unimodal distributions enriched with
‘robustness’ parameters that control its shape. Therefore different univariate unimodal heavy-
tailed models have been proposed to replace the normal model (Box and Tiao, 1962; Ramsay and
Novick, 1980; West, 1984; Albert et al., 1991) and the resulting posterior distribution becomes
analytically intractable. However nowadays this is not a limitation since the availability of faster
personal computers allow us to easily obtain estimates by means of Monte Carlo Markov Chain
algorithms. Alternatively, normal approximations of the posterior distribution can be used (see
for example Box and Tiao, 1992).

The goal of this paper is to propose Bayesian estimates which are robust against outliers,
where we define an outlier' to be an observation which is unlikely to have been generated by
the assumed sampling model. For this purpose we follow the second way and we concentrate on
posterior summaries with a normal sampling model assumption. However, many points have to be
discussed. First, in many situations the presence of influential observations is not easily detectable
(e.g. for the multivariate nature of data) and we may fail to recognize the need of a robust sampling
model. Is it possible to define measures that help us in deciding whether a robust model has to be

adopted? Secondly, once we judge that a robust distribution is needed, how do we choose between

1We use the term outlying observation as a synonymous.

34



different models? This paper discusses such points and it is organized as follows. In Section 2.3
we present an overview of some univariate robust models and we show that they fall into the more
general elliptical family. The main contribution of the paper is to provide criteria to assess when
adopting a robust model is recommended and how to choose between different distributions. We
do this in Section 2.4. Different examples of robust Bayesian estimation are then implemented in
Section 2.5. Finally a brief summary of the findings and suggestions for future research are given

in Section 2.6.

2.3 Robust models

In this section we present different models which have been proposed in the literature. First, we
briefly introduce the class of elliptical distributions. Then we present an overview of some families
of robust models. We show that such distributions fall into the class of elliptical distributions.
Detailed proofs are given in Appendix D. This result helps to easily generalize univariate distri-
butions to the multivariate case and it is useful in many practical situations. Finally we propose

criteria to assess the need of adopting robust models and to choose among them.

2.3.1 Elliptical distributions

The class of Elliptical Distribution (ED) is a family of symmetric distributions which includes
among others the normal and the student—t. Moreover, it offers a simple way to generalize a
univariate distribution to the multivariate case. It was first introduced by Kelker (1970) and then

studied by several authors (e.g. Fang and Anderson, 1990 and Gupta and Varga, 1993).

Definition 1 Let X be a k x 1 dimensional random vector whose distribution is absolutely con-

tinuous. Then, X ~ EDy (0,X) if and only if the p.d.f. of X has the form

FUX) =5 (X -0y (X - 0) (2.1)
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where g is an univariate function called density generator. Moreover the characteristic function of

X can be written as
1
wx (t) = exp (it'0) - ¥ <§t’2t> ,
where ¥ is an univariate function.
The condition fooo u%_lg(u)du < oo guarantees g to be a density generator. Moreover, the

normalizing constant can be obtained using the polar coordinates in several dimensions and is

given by

B[ o]

A detailed prove of this result can be found in the paper by Landsman and Valdez (2003).

2.3.2 Main robust distributions

We now present location-scale families of distributions with tails decreasing to zero more slowly
than in the normal case. Parameters (i, o) represent the mean and the standard deviation of the
distribution. We give the form of the density generator when a distribution belongs to the elliptical
family. Moreover in Appendix D we show that the condition fooo ugflg(u)du < o0 holds for the
densities where this result has never been proved.

In 1962 Box and Tiao introduce the family of exponential power-series distributions (EPS).

Such a family is given by

T —p
g

2
T
{f(x|u,a,5):k5 ot exp (—q;- >7m€§R7—1<5<1}, (2.2)

where

A L TR 0))
1

3/2°
@+ [T (z0+1)]
In EPS family pu is the location parameter, o the scale parameter and d can be regarded as a non-

Normality parameter. For ¢ > 0 the distributions have heavier tails, for § < 0 the distributions
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have flatter tails than the normal form. This family is quite large including as special cases the
normal ( § = 0), the double exponential ( § = 1) and the rectangular ( 6 — —1) distributions.
Since we are interested in distributions which are only slightly different from the normal one, we
will choose small values for 4. The EPS distribution belongs to the elliptical family with density
generator g (u) = exp{—cs - (2u)"_41r1}

Ramsay and Novick (1980) measure the influence of a single observation z; on the posterior
distribution by considering the derivative of the logposterior with respect to x;. The latter turns
out to be a function of a particular quantity, named influence function of the likelihood (IFy;y).
They show that for a certain symmetric family of distributions, which includes the normal, the

1Fy;;, is unbounded. Hence, they propose a new family with bounded IFj;; given by

{f(@|p,0,a,0) = kap - 7(x) - s(p,0)-exp{-n,,(d)}, a>0b>0}, (2.3)

where 1, ,(d) = ba+/b'y(2/b, a |d|b), d is a measure of the distance of = from the location parameter
w, ¥(p, z) is the incomplete gamma function and k,; is the normalizing constant. The normal
distribution is obtained for a — 0. Therefore we would consider small values of this parameter. A
peculiarity of this distribution is that its tails do not decrease to zero as x tends to oco. Indeed
in this case 7, ,(d) — =47 (2/b), which is a fixed quantity. The consequence is that kq has to
be computed in a region of integration with finite fixed limits. The choice of such limits is not so
important as long as they are sufficiently far away from observed data. The RN distribution belongs
to the elliptical family with density generator g (u) = exp{— (baQ/b)_l . foa'(m)w e t2/v= 14t}

In 1991 Albert, Delampady and Polasek propose an extension of the EPS distribution, called

extended power distribution (FP). This family is given by

2
{f(xm,gb,q)\) = ke - Y2 -exp{—g N <1+ 05(:%”)},0 LA> 0}, (2.4)
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where

vl ifA>0

Py (v) = )

v =1

lim

lim =logv itA=0.

(u, @) are the location-scale parameters, (¢, \) are the robustness parameters and k. » is the normal-
izing constant. The main advantage of (2.4) with respect to (2.2) is that the former is differentiable
2

everywhere. For this density we know that a relation of type 0? = v (¢) between the variance o

and parameter ¢ holds. Therefore we may alternatively express (2.4) as

—1(.2 2 2
c v (0)~U T— [
-exp{—2~p)\<1+ 1 ( . >>}
(e—1

If A = 0 the relation is given by o2 = (0732)\(/; . If A > 0 the relation can be found only numerically.

(NI

f($|M7 g,¢, )‘) = k‘c,)\ ot [V_l (UQ) ’ 02]

Different location-scale densities are included in this family, like the normal and the Student-t.
The tails behavior is controlled by the parameter A. For 0 < A\ < 1 we get fatter tails, whereas
for A > 1 we get sharper tails than the normal case. For our purpose, we consider only the

2

case A = 0 and we choose the scale parameter ¢ so that the variance o* equals the variance of

the other distributions. Also this density belongs to the elliptical family with density generator

() = [ (62) - o?]? - exp {—g s (1 L G u)}

Another well known heavy-tailed distribution is the Student-t. The advantage of considering

W=

the previous families rather than the Student-t may be found in the larger choice of the elements in
the class. In particular for distributions (2.3) and (2.4) two robustness parameters control the shape
of the density function better. Furthermore the fact that for such models the normalizing constant
has to be computed numerically does not represent a limitation. Indeed, robust estimation under
these distributions is implemented through MCMC algorithms like Metropolis-Hastings (Hastings,
1970). This way turns out to be very convenient because the normalizing constant cancels out
in the acceptance probability. Figure 2.1 and 2.2 show plots of the densities we presented in this

section for different values of the robust parameters.
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Figure 2.1: Plots of normal and robust densities: (a) Student-t and (b) RN distributions.
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Figure 2.2: Plots of normal and robust densities: (a) EPS and (b) EP distributions.
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2.4 Ciriteria for robust estimation procedures

In this Section we describe how understanding when robust models have to be used and how
choosing among different distributions.

In the literature robust models are adopted when the normal assumption appears inadequate.
Typically this conclusion is drawn on the basis of a visual inspection of the data, which is straight-
forward in the univariate or bivariate dimensions. When the dimension increases up to k (k > 2)
checking up the adequacy of normal model assumption is not so straightforward. For this purpose
local robustness measures described in Chapter 1 are useful tools. Indeed we have shown that such
measures reveal the presence of observations that have been unlikely generated by the assumed
sampling model (outlier).

In this paper we concentrate on robust estimation of posterior summaries of type (1.2). To
establish the need of using robust models, the first thing to do is to compute the SC' defined
in Section 1.5. Such quantity evaluates the effect of moving one observation in the sample once
a particular combination of prior/sampling distributions is fixed. If this measure diverges as
z becomes bigger, a single observation has a potentially unbounded influence on the functional
estimated value. However, this is not a sufficient reason to justify the use of a robust rather than
a normal sampling model because influential observations may not be present in the sample. In
order to detect outliers we have to compute the local influence measure for the sampling model (see
Section 1.4.2). Such measure assesses the so-called model or likelihood robustness and evaluates
the impact on the functional of a small contamination of the base sampling model. For posterior

summaries, it can be written as

m;j(x; 11, Fp, G)

m(z) T, (Fo,G)—Tgl, (2.5)

LI(G;Tp,Fy) =
J

where m;/m is the Bayes factor and T ; (Fyp; G) is the posterior functional obtained when the
sampling distribution is G only for observation x; and Fy for the others. Alternatively, a relative

local influence measure can be defined for the purpose of comparing different functionals (see
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Chapter 1) and it will be denoted by LI*. The Bayes factor in measure (2.5) captures the effect on
the functional of choosing a contaminating model for observation j which is more adequate or less
adequate than the base one with respect to observed data. If an outlier is present in the sample we
expect that this quantity would assume values greater than 1 and the difference [Ts ; (Fy, G) — T'B]
would be not negligible, leading to a substantial value of (2.5). In this case the use of a robust
model is recommended for dumping the effect of extreme observations on the estimate.

Finally, measure (2.5) can also help in choosing the most appropriate robust model. If we adopt
one of the distributions presented in Section 2.3.2, we guess that the corresponding LI measure
for the sampling model displays quite a small value. Therefore a criterion of choice is to adopt the
distribution which displays the smallest value for (2.5). Furthermore, if such value is small, we
achieve robustness both with respect to outliers and with respect to the sampling model. In the

next Section we provide some examples on robust estimation procedures.

2.5 Examples of robust estimates

In this section we continue the examples considered in the previous Chapter. We first consider the
mean of the posterior distribution in the univariate case with a sample drawn from a Gaussian
distribution and we evaluate the effect of assuming a robust model when it is necessary and when
it is not. Then we consider a Bayesian regression model using Ramsay and Novick’s data and we
produce robust estimates of regression coefficients. We use different heavy-tailed models for the
sampling distribution to illustrate the robust estimation procedure. When MCMC algorithms are
used we check the convergence of the chain and of the averages by means of BOA library in R

language.

2.5.1 Posterior mean

In Chapter 1 we found that the posterior mean was not robust with respect to observations.

However, the small size of LI measures suggested that atypical observations were not present and
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robust estimation was not necessary. What would be the effect on the estimate of assuming a
robust model in such a situation? We answer this question considering different sampling models
whose densities are shown in Figures 2.1 and 2.2. The choice of robustness parameters has been

made so that robust densities show heavier tails than the normal case (Figure 2.3).

01 ' ' ' ' I
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Figure 2.3: Plot of the thickness of tails in normal and robust models.

By means of Random Walk Metropolis-Hastings algorithm the posterior distribution has been
computed. For each simulation we run a chain of 100.000 steps. The prior is chosen to be N (0.5, 1)
and different sampling models are used.

Estimates of posterior quantities are shown in Table 2.1. Analytical estimates, computed for the
normal case, are reported in the bottom line. The concordance between analytical and numerical
results supports convergence of our algorithm. Estimates of posterior mean do not differ as much
under different sampling models. However, the more we move away from normality, the more we

loose in efficiency, since posterior variance increases. This trade-off between efficiency and dumping
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effect of outliers is typical of robust estimates. Moreover the concordance of posterior mean and
median together with a visual insight show that the posterior distribution is still symmetric and

unimodal for all distributions considered.

Tp (Fy) median o2

post
Normal 0.9862 (0.0021) 0.9858 0.0625
Student-t (15) 0.9875 (0.0022) 0.9872 0.0697
EPS(0.2) 0.9996 (0.0021) 1.0037 0.0639
EPS (0.5) 1.0038  (0.0022) 1.0149 0.0669
EP(8;0) 0.9953  (0.0023) 0.9966 0.0764
RN (0.03;2) 0.9798 (0.0022) 0.9803 0.0699
RN (0.3;1) 0.9663 (0.0027) 0.9737 0.1020
Analytical 0.9857 0.0625

Table 2.1: Posterior estimates (standard error) under different sampling

models. MCMC simulations with 100.000 runs.

Table 2.2 shows relative local influence measures under different sampling models, computed by
perturbing the base sampling distribution in the direction of a N (9, 10 - 02) . Derived LI* measures
are small, supporting the fact that all models are approximately adequate to our data. Looking
at all these elements together, we conclude that using a robust family of distributions when no
extreme observations are present let us still correctly estimate the posterior mean.

In Table 2.3 and 2.4 we reproduce the same analysis introducing the observation z4 = —5 in the
sample. Numerically estimated posterior expectations are now very different and change according
to the robust model adopted. Tails inflation permits controlling the impact of the outlier on the

estimate. Again the efficiency of estimates decreases as we move away from the normal case.
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Normal
Student-t (15)
EPS(0.2)
EPS (0.5)
EP(8;0)

RN (0.03;2)
RN (0.3;1)

Analytical

LI (éQ;TB,Fg) range TB)j(FQ,G@)

range 7;

0.0065

0.0123

0.0183

0.0249

0.0162

0.0173

0.0553

0.0096

0.8111;1.1584]
[0.8151; 1.1606]
0.8083; 1.1654]
0.8119; 1.1785]
[0.8129; 1.1571]
0.8112;1.1583]
[0.8058; 1.1146]

[0.8149;1.1611]

[0.3864; 0.6978]
[0.4049; 0.7203]
[0.3869; 0.7553]
[0.3872; 0.8356]
[0.3434; 0.6910]
[0.4023; 0.7017]
[0.4920; 0.7440]

[0.3871; 0.6995]

Table 2.2: Relative local influence measures of the posterior mean with respect

to the sampling distribution under different sampling models.

MCMC simulations with 100.000 runs.

Normal
Student-t (15)
EPS(0.2)
EPS (0.5)
EP(8;0)

RN (0.03;2)
RN (0.3;1)

Analytical

median

2

Tp (Fp) O post
—0.4384 (0.0018) —0.4392 0.0469
0.8032 (0.0023) 0.8067 0.0754
0.0407  (0.0024) 0.0464 0.0825
0.5207  (0.0024) 0.5295 0.0832
0.8805 (0.0024) 0.8857 0.0823
0.9776  (0.0022) 0.9761 0.0703
0.9270  (0.0027) 0.9309 0.1028
—0.4395 0.0476

Table 2.3: Posterior estimates (standard error) under different sampling models

MCMC simulations with 100.000 runs. Contaminated sample.
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LI* (CNI@; Tg, Fg) range T ;(Fp, Go) range r;
Normal 7.02-10% [—0.943; 0.804] [0;2.49] - 102°
Student-t (15) 91.9854 [0.572;0.921 ] [0;3.07] - 103
EPS (0.2) 2.52-10'6 [—0.460; 0.801] [0;1.43] - 105
EPS (0.5) 6.50 - 107 [0.104;0.965 | [0;1.13] - 108
EP (8;0) 3.4226 [0.6841; 1.0256] [0.19;21.88 ]
RN (0.03;2) 147.8905 [-0.071; 0.582] [0.39; 878.17]
RN (0.3;1) 0.3508 [0.6721; 1.0482] [0.39;2.07 ]
Analytical 7.41-10% [—0.947;0.804] [0;2.62] - 10%°

Table 2.4: Relative local influence measures of the posterior mean with respect
to the sampling distribution under different sampling models. MCMC

simulations with 100.000 runs. Contaminated sample.

As expected, the relative measure of local influence for the normal sampling model explodes,
revealing inadequacy of the model to the data (LI* = 7.02 - 10?°). This explosion is due to the
huge value that ratio r; assumes in correspondence to the outlier (j = 4). Marginal likelihood
my (z; 11, Fp, G) is much bigger than the base marginal m (x), which means that data support
more distributions with heavy tails for observation z4. In all robust models considered ranges both
for T'g ; and for r; are narrowed and local influence measure is reduced up to 0.35. Therefore to
compute robust estimation we would adopt the RN distribution with parameters (0.3;1). Robust
estimate of the posterior mean is given by 0.9270.

In the previous section we say that to achieve robustness with respect to outliers a robust
sampling model has to be adopted. Therefore, in such a situation we expect the SC of posterior
mean to be bounded for extreme observations. In Figure 2.4 we compute the SC for the selected

robust model. The curve shows the expected behavior.
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Figure 2.4: Sensitivity curve of the posterior mean under a RN (0.3,1)

sampling model. MCMC' simulations with 100.000 runs.

2.5.2 Bayesian Linear Regression

We now consider a Bayesian linear regression. We use the same data set employed by Ramsay
and Novick (1980) and we study the impact that both a test of verbal intelligence and a test of
performance intelligence have on dichotic listening task®. Bayes estimate of regression coefficients
are found to be extremely sensitive to observations. Moreover the local influence measure with
respect to the sampling model reveals that the normal distribution is not so adequate (see Section
1.7.2). In this section we will derive robust estimates of regression coefficients.

We consider different robust sampling models and compute the posterior distribution with
200.000 runs of the Metropolis-Hastings algorithm. Computed Bayes estimates are shown in Table

2.5.

2We choose a normal prior distribution with the same parameters used by Rambsay and Novick (1980).
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Regression coefficients

By By B3
normal 0.7455 —0.0716 38.1791
(0.0006) (0.0006) (0.0492)
RN (0.05,2) 0.6637 0.0082 37.6231
(0.0008) (0.0009) (0.0577)
EPS (0.2) 0.7051 —0.0290 37.6690
(0.0007) (0.0007) (0.0515)
student (15) 0.6677 0.0067 37.4549
(0.0022) (0.0023) (0.1449)
EP (5,0) 0.5836 0.0716 38.6109
(0.0009) (0.0008) (0.0691)
Analytical 0.7458 —0.0734 38.3505

Table 2.5: Bayes Estimates (standard error) of regression coefficients under

different sampling models. M CMC' simulations with 200.000 runs.

The value of coefficients changes substantially according to different models while the standard
error increases only a little. The substantial difference with normal estimates is clear for Bz- In
this case the relation between the dichotic listening task and the test of performance intelligence
changes from negative to slightly positive.

In order to choose robust estimates we compute local influence measures of regression co-
efficients for the sampling distribution. Table 2.6 shows the results. All robust models lead
an improvement in terms of reducing the value of LI* measures, in particular the density pro-
posed by Ramsay and Novick. Robust estimates of regression coefficients are therefore given

~rob
by Bpayes = (0.6637,0.0082, 37.6231)". Such values are expected to be robust against influential
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points.

LI* (G;Tg, F) relative to

B B2 B3
normal 43.14 471.41 5.82
RN (0.05,2) 0.14-107° 5.94-107° 0.15-107°
EPS (0.2) 0.11-1072 0.79 - 102 0.12-1072
student (15) 7.32 173.14 0.30
EP (5,0) 0.91 2.34 0.14

Table 2.6: Relative local influence measures of regression coefficients with
respect to the sampling distribution under different models.

MCMC simulations with 100.000 runs.
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Figure 2.5: Sensitivity Curve of regression coefficients under a RN (0.05, 2)

sampling model. MCMC simulations with 100.000 runs.
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~rob
Figure 2.5 shows the SC of ﬁ;oayes. The improvement for regression coefficients estimates is

clear since all the curves become bounded.

2.6 Summary and outlook on future research

In this paper we review some families of so-called robust distributions and we show that they belong
to the more general elliptical family. According to this result, multivariate robust distributions
can be easily obtained. Moreover we propose criteria to assess when the use of a robust model is
recommended and how to choose between different distributions. First, the SC has to be computed
for the estimator of interest. If a single observation plays a potentially unbounded influence, it is
crucial to determine whether influential observations are present in the sample. For this purpose
we use the local influence measure for the sampling model proposed in the previous Chapter. The
examples show both that the size of this measure becomes substantial when outliers are present
and that adopting a robust model leads to estimates on which the effect of outlying observations
is dumped. Moreover, the use of a robust family of distributions when no extreme observations
are present let us still obtain correct estimates. Obtained robust estimates behave well since the
corresponding SC' is bounded for extreme observations. Finally, the local influence measure for
the sampling model provides also a criterion for choosing among different robust estimates. An
interesting matter for future research on the field would be to include prior distributions also for

robustness parameters of robust models.
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Chapter 3

Robust Bayesian mean-variance

portfolio selection

3.1 Abstract

It is well known that the Bayesian approach to mean-variance portfolio selection problem accounts
for estimation risk. However, no results are present on the effects of model risk in this case. This
paper aims to study the robustness properties of the Bayesian mean-variance weights. We first per-
form a simulation study to explore the effect of model risk on Bayesian weights. Then we compute
their measures of sensitivity both to distributional assumptions and to observations. Moreover,
we propose a robust estimation procedure which dampens the effect of ’extreme’ observations. We
study the performance of computed measures through a simulation study and we obtain robust

Bayesian mean-variance weights using real market data.
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3.2 Introduction

According to Markowitz’s modern portfolio theory (Markowitz, 1952; 1959), a risk-averse investor
should choose the amount to invest among a set of assets relying just on the first and second
moments of return distribution'. However practitioners found that the derived optimal portfolio
allocation are often unreasonable (Black and Litterman, 1992). Two main reasons can be given
for this fact.

The first one is that means and variances are generally unknown parameters that have to
be estimated. Not accounting for this fact can induce a bias in the estimated weights and lead
to the so called estimation risk problem. In mean-variance portfolio selection problem observed
returns are assumed to be i.i.d. random drawn from a multivariate normal distribution?. There
are essentially two different approaches for the implementation of portfolio theory: the Certainty
FEquivalence or naive approach, where parameters uncertainty is ignored and unknown parameters
are simply replaced by their sample estimates, and the Bayesian approach, where parameters
are treated as random variables and unknown parameters are estimated by summary measures
of the predictive distribution. There is evidence in the literature that not taking into account
parameters uncertainty leads to suboptimal portfolios (Barry, 1974; Brown, 1979; Jorion, 1986;
Cavadini, Sbuelz and Trojani, 2002). The Bayesian point of view not only considers parameter
uncertainty but also satisfies the axiomatic paradigm of Neumann-Morgenstern-Savage’s expected
utility maximization (see Bawa, Brown and Klein, 1979).

The second reason is that mean-variance portfolio weights are extremely sensitive to observa-

tions. It is found in practice that securities display sometimes extremely low or high returns. We

Tt may be argued that such moments can be not sufficient in describing portfolio returns characteristics and
that including higher moments can be more efficient. However we choose to deal with the mean-variance framework

because of its wide use in practical applications.

2We known that the i.i.d. assumption can be unrealistic since observed series of returns may exihibit autocorre-
lation. However in practice the i.i.d. multivariate normal model is widely used and we do not explore this matter

here.

52



refer to them as outlying observations. This fact can induce a bias in the estimates and leads to
the so called model risk problem. Indeed mean-variance weights are derived under the assumption
of a normal data generating process. Nothing is assured when the assumed mechanism is only
approximately true. Recent papers deal with model robustness in the CE approach (Victoria-
Feser, 2000; Cavadini, Sbuelz and Trojani, 2002; Perret-Gentil and Victoria-Feser, 2003). They
show that few outlying returns have a strong influence on the composition of the resulting optimal
portfolio. Moreover Cavadini, Sbhuelz and Trojani (2002) find that model risk plays a greater role
than estimation risk. However no evidence of this fact is given for Bayesian weights.

This paper focuses on Bayesian mean-variance portfolio selection and aims to assess its ro-
bustness properties. It is organized as follow. In Section 3.3 we briefly describe two different
approaches to portfolio theory implementation and we compare them. Measures of sensitivity of
Bayesian weights both to distributional assumptions and to observations are computed in Section
3.4. The behavior of such measures is then explored by means of a simulation study. In Section
3.5 we propose a Bayesian estimation procedure for investment decisions which dampens the effect
of ’extreme’ observations. An example on estimates of robust Bayesian weights with real market

data is given in Section 3.6. Finally Section 3.7 concludes.

3.3 Certainty Equivalence and Bayesian portfolio selection

In mean-variance portfolio theory the optimal portfolio is the one that minimizes portfolio risk for
a given level of portfolio expected return or, viceversa, maximizes portfolio expected return for a
given level of portfolio risk. Assuming both a multivariate normal distribution for future returns
r and a negative exponential utility function®, this approach can be set in an expected utility
maximization paradigm. We would consider a standard one-period model in which investors use
portfolio to transfer wealth from one period to the next.

Maximizing the expected utility of the end-of-period wealth is equivalent to maximizing the

3 An alternative assumption would be to assume a quadratic utility function for investors.
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expected utility of portfolio return. Under some constraints*, investors would choose the weights

q such that

maxFE [U(r,)] = m?X/U(TP)p(TP‘ﬂ)dZ (3.1)

— max {Em,) - gVar (r,,)}

q
/! b /
max {qé?— —q Eq}
q 2

with r, = ¢'r the portfolio return, b the risk aversion coefficient and ¢ = (0, X) the first and

second moments of the assumed future returns distribution. The optimal weights are given by:

qg= %2—1(9—»1), (3.2)

where ¢ is the vector of the proportion invested on the risky assets, 1 is the vector of ones and
_1x"'9-b
A=
In the classical application of Markowitz’s theory, known as Certainty Equivalence (CE) or naive

approach, the unknown parameters are simply replaced by their sample estimates and portfolio

selection problem is solved by finding weights ¢ such that

A

m(?xE,,PW {U(rp)h/;'] = mgx/U(rP)p(rPW)dz (3.3)
= max {q//é — Eq’f)q} .
q 2

This way completely ignores the estimation risk, that is the risk linked with the variability of
parameter estimates.

Some works in this direction (Best and Grauer, 1991; Victoria-Feser, 2000) show that CE

portfolio weights and moments are very sensitive to changes in parameters value, especially when

non-negative weights constraint is absent. An evaluation of the relative impact of errors in pa-

rameter estimates is also provided by Chopra and Ziemba (1993), who find that for risk-tolerant

4We consider the contraint 1'q = 1.
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investors the impact of errors in mean is much greater than the impact of errors in variance and
covariance parameters.

Alternatively weights ¢ can be estimated using a Bayesian approach, in which prior informations
about the unknown parameters are matched with observed asset returns through the posterior

distribution. Bayesian portfolio selection problem would choose weights ¢ such that:

By | B, o U0r)W]] = maxE, b [U(,) (3.4)

= max [ Ulr o la)dr,

q

b
= max {q/0r|a: - _q/ZTl‘q} )
q 2

where p(r,, |z) = [ p(r,[9)p(d]z)dd is the predictive density of portfolio returns and (Or‘w, Er|z)
are the moments of the predictive density of future returns r|z.

Bawa, Brown and Klein (1979) are the first that explore in deep the Bayesian approach and set
it in a Neumann-Morgenstern-Savage paradigm. Brown (1979) provides numerical evidence of the
impact of estimation risk. By means of a measures of utility loss due to the estimation process he
shows that C'E rule is dominated by Bayes rule. Similar results are found by Jorion (1986), who
compares the risk linked with different estimators of asset expected return and gives a Bayesian
interpretation to the proposed Stein estimator.

These results point out that in the presence of normally distributed data the Bayesian approach
outperforms the CE one. But what happens if we move away from the normality assumption of
model distribution? Will the portfolio weights be still near the optimal solution (3.2)? This
matter, known in the literature as model risk, has recently been addressed for the C'E estimator of
portfolio weights. Victoria-Feser (2000) shows that the efficient frontier and portfolio composition
can be seriously biased when data contain ’extreme’ observations. In a later work Perret-Gentil
and Victoria-Feser (2003) study the (asymptotic) stability properties in an neighborhood of the

model, proving that bias of portfolio composition only depends on bias of estimated moments.
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Moreover Cavadini, Sbuelz and Trojani (2002) prove that in classical estimated portfolios model

risk generates greater bias than estimation risk. All these papers clearly show that in such a

situation robust estimation procedures should be used. However no results are present for the

Bayesian case. In the next section we perform a simulation study to compare C'E and Bayesian

estimators and we explore the effect of model risk on Bayesian weights.

3.3.1 Comparison of the two approaches through a simulation study

In this section we compare CE and Bayesian approach when the normality assumption of data is

both satisfied and not satisfied. We generate T sets (T' = 1000) of n observations (n = 100) from

a multivariate normal with parameters given in Table 3.1

Sample estimates of monthly returns (January 1977-December 1981)

Mean

Covariance Matrix

Canada 1.287
France 1.096
Germany 0.501

Japan 1.524

Switz. 0.763
U.K. 1.854
U.S. 0.620

42.18

20.18

10.88

5.30

12.32

23.84

17.41

70.89

21.58

15.41

23.24

23.80

12.62

25.51

9.60 22.33

22.63 10.32 30.01

13.22 1046 16.36 42.23

470 1.00 720 990 16.42

Table 3.1: Parameters of the sampling model in the first simulation study.

Dollar returns in percent per month.

The parameters® used for the exercise consist in sample estimates from monthly stock market

returns for seven major countries calculated over a 60-month period (January 1977-December

5The parameters are the same as in the study of Jorion (1986). For calculations in the Bayesian case we choose

a normal prior with mean 0.005 - 1 and covariance matrix 0.0025 - I.
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1981). Contaminated samples are obtained by substituting randomly the 5% of the observations
as specified in the sequel.

We are first interested in detecting the effect of the presence of ’extreme’ returns on portfolio
composition. For this purpose we estimated K optimal weights using non contaminated and con-
taminated samples. The latter are generated by substituting randomly the 5% of the observations
with random drawn from a Dirach distribution Ag- (y) which puts mass 1 at 0* = 0 + X2 -3 - 1.
Vector 6™ has components that are 15 to 40 time larger than the ones of . We obtained the boxplot
for each of its component (Figure 3.1 and 3.2) and computed summary measures of the accuracy
of each estimate (Table 3.2). The circle represents the true weight components. The risk aversion

coefficient is set equal to 2 but similar results are achieved for different values of this parameterS.

CE weights without contamination
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Figure 3.1: Boxplot of CE and Bayesian weights with non contaminated data.

Figure 3.1 displays the boxplot of CE and Bayesian weights when the data are not contaminated.

6The risk aversion coefficient has been set equal to 0.1, 2, 10 and 23 respectively.
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From a visual insight the precision of estimates looks like the same, but the size of the box appears
smaller under the Bayesian approach. This is confirmed by numerical measures of the difference
between estimated and true components in Table 3.2. While the biases are similar, variability
measures support the fact that in the presence of normally distributed data the Bayesian method

works better.

Bayesian weights without contamination
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Figure 3.2: Boxplot of Bayesian weights with non contaminated and contaminated data.

A similar analysis for Bayesian weights with non contaminated and contaminated data leads to
Figure 3.2. The more evident effect of the presence of outliers is that estimated components are far
away from the true ones. As a consequence, summary measures of Table 3.2 increase. Component
1, 5 and 7 show the greatest bias and variability measures rise up to three times the one in the non
contaminated case. Curiously, these components do not correspond to the greatest components of

outlier 6*.

58



Measure T q2 q3 Q4 qs Qs q7

med (g5, = Qiruc.;) 0.0 -0.02 +0.04 002 004 -0.05 0.3
med (a5 = dirues ) 104 073 -0.67 -062 104 024 -1.73
med (qoms.; — Girue.;) 005 001 -0.13 014 006 003 -0.05
med ((qB,j — Gerue,j)?) 055 020 1.34 051 116 041 0.84
med ((af5; = @rae.s)?) 139 059 143 083 168 050  3.09
med ((qopy — Girueg)?) 075 0.25 171 070 168 0.61 106

Table 3.2: Summary measures of estimated weights with CE and Bayesian

approach with and without contamination.

We want to investigate also the effect of the presence of ’extreme’ observations on the maximum

expected utility of investors. We use the loss measure proposed by Jorion” (1986), given by:

EUnmax — EU(Q)
|EUn ax]|

L(q,q) = (3.5)

where EUprax is the maximum expected utility when everything is known, and EU(q) is the
maximum expected utility when the weights are estimated using either the C'E or the Bayesian
approach. Figure 3.3 shows such measure for different length of the sample computed both with non
contaminated and contaminated data. For each possible sample size, measure (3.5) is calculated
1000 times and then averaged. The contaminated sample is obtained by replacing the 5% of the
observations with random drawn from a multivariate normal with the same mean but the variance

100 time larger than parameters of Table 3.1.

"The analysis has been performed setting the risk aversion coefficient equal to 23, as in Jorion (1986).
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Figure 3.3: Loss function for the CE and B approach with and without contamination.

For both methods the loss function increases under contaminated data. However, for small
sample sizes the gain of Bayesian over CE approach is no longer evident. We repeated the same
analysis with different values of the risk aversion coefficient and we found that for more risk tolerant
investors the loss in expected utility is even worst for the Bayesian case under contaminated data.
Therefore if the data do not satisfies the normality assumption it is not guaranteed that the
Bayesian approach gives an improvement in terms of loss in expected utility.

To explore the effect of different investor attitudes to the risk on the maximum expected
utility we compared the mean loss over 1000 simulated samples of fixed size for different methods
and values of b (Table 3.3). For each level of contamination Bayesian loss results very stable
over different values of risk aversion coefficient. Incorporation of estimation risk in the Bayesian
approach seems to preserve from the increasing loss that the C'E approach displays as b increases.
Therefore we could say for example that with a sample of 100 observations the Bayesian approach

leads a loss in expected utility around the 3% or the 20% depending on how well the data satisfies
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the normality assumption. If the data does not contain outliers the Bayesian approach always
outperforms the CE one, but if it does we find that for small sample size or more risk tolerant

investors the loss is even greater.

Number of Approach and size value of b
observations of contamination 0.1 2 10 23
CE 0% 755 792 862 11.86
50 B 0% 5.67 572 564 585
CE 5% 6.11 634 956  31.03
B 5% 42.32 4337 4498 45.98
CE 0% 3.61 349 395 490
100 B 0% 293 294 287 3.03
CE 5% 332 361 659  21.72
B 5% 19.68 2041 19.63 19.44
CE 0% 1.39 142 152 201
250 B 0% 1.19 118  1.17  1.20
CE 5% 270 276 441 12.41
B 5% 752 760 731 7.20
CE 0% 032 033 036 046
1000 B 0% 0.30 029 030 0.29
CE 5% 283 282 322 492
B 5% 1.80 1.80 1.74 181

Table 3.3: Percent loss (%) in expected utility using CE and Bayesian

approach with and without contamination.
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These results highlight that the normality assumption is necessary for the Bayesian method
to work well. Otherwise a procedure is needed that still guarantees its property of optimal tool.
In the next sections we formalize the problem and derive some measures of sensitivity which are

helpful to check the robustness properties of Bayesian weights.

3.4 Robustness of Bayesian mean-variance portfolio selec-
tion

3.4.1 Defining the problem

In portfolio selection problem the multivariate normal distribution is assumed to be the returns
generating process. However it is well known that observed returns are often not normal and
securities have sometimes unexpected high or low values. If this is the case we may be interested
that such outlying observations do not play a strong influence on portfolio composition, that is we
would like a robust estimator of portfolio weights. More generally with the word robust we define
the insensitivity of a statistical procedure to deviation from the assumptions.

In this paper we focus on Bayesian mean-variance portfolio selection. In Chapter 1 we showed
that robustness evaluation in a Bayesian setting involves the prior, the sampling distribution and
the data. As first we are interested in developing measures of sensitivity of portfolio composition
to distributional assumptions. Such quantities reveal the effect on Bayesian weights of perturbing
the base model in different directions. For the sampling model it also turns out to be a useful tool
for detecting the presence of outlying observations. Secondly we assess the influence that a single
observation plays on the portfolio composition derived under a specific choice of prior/sampling
models. Then we would like to use the Bayesian estimation procedure presented in Chapter 2 to
obtain Bayesian weights that work well even if some outlying observations are present.

The first step is to see the Bayesian weights as a function of the three distinct elements we

previously mentioned. We will do it in the next section.
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3.4.2 Bayesian weights as functional

In this section we write the Bayesian weights in a functional form. We will denote a probability
distribution and its corresponding cumulative distribution function by capital letters. If it exists,
we use small letters for the density function.

In Section 3.3 we assume the normality of future returns r. In order to allow analytical calcula-
tions, we suppose covariance matrix ¥ to be known®. Therefore we denote by Fj the multivariate
normal model N (6,%). We assume that the same distribution generated also past observations
(sampling model). The prior II for parameter 6 is chosen to be N (6g, Xo) and the empirical distri-
bution is denoted by F, (y) = 1 31" | A, (y) where A, (y) is the Dirach distribution which puts
mass 1 at x.

Under these assumptions, the predictive distribution of future returns turns out to be N (9r| - Er‘x)

with

9r|a: = He\z

= 29|a: [nZ‘lf + 20_190]

and

Er\w = X+ 29|m
= 4[4
Such moments depend only on the moments of posterior distribution Py, denoted by 6y, and

Y|z~ This result holds for any posterior distribution as long as we adopt such normal distribution’

for future returns. A detailed proof of this result is given in Appendix E. It is worth to notice

8Note that this assumption seems quite realistic, as its estimate is more stable over time (Merton, 1980) and

plays a minor role with respect to the mean estimate. In pratice, ¥ is simply replaced by its sample estimate S.

9This hypothesis can also be relaxed and we can compute the moments of the predictive distribution directly.

63



the structure of predictive moments. First of all, the predictive mean coincides with the posterior
mean. This means that the best prediction for expected future returns given past observations is
reasonably the expected value of the random variable 6 according to the distribution we obtain
after updating our prior information with the observed returns z. However, the key point of this
approach can be recognized by looking at X, |,. The predictive variance accounts both for the
variability of the data generating process ¥ (assumed known) and for the variability of expected
returns ¢ measured by its posterior variance Yg|,. Therefore the investor takes into account the
risk of the estimation process into the variance structure.

The solution of the maximization problem (3.4) gives the Bayesian weights

1__
g = Ezr‘i(eﬂz - )\r|z : 1)
1 -1
=3 [Z+ 2] (Bope — Noja - 1),

-1 -1
l/Ermﬁr‘z—b . 1/[Z+Ee|z] 0,)e—

where A\, = — = —
rle s 1 V[E4%,.] 1

b
= \g|z-
Such quantity can be seen as a function of the posterior distribution and hence, as we show in

Section 1.3, as a function of the data, the prior and the sampling model. We have:

dg = (g (P9|9c)

1 -
= 5 [B+ S (Fu, TLE)] ™ (Bops (Fiu 1, Fp) = Nope (Fi, 1, Fp) - 1).

For a shorter notation we will denote only by g, g/, 05|, and Ag|,, the functionals under the
base distributions. We can now assess the sensitivity of Bayesian weights both to distributional
assumptions and to observations. Since in next sections such sensitivity is considered for one model

a time, we will denote the Bayesian functional as a function of the only distribution under study.
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3.4.3 Sensitivity measures for Bayesian weights

In this section we derive measures of sensitivity of portfolio composition in a neighborhood of
the assumed models. We represent such neighborhood by usual e-contamination classes and we
compute the measures presented in Section 1.4.

We first consider prior distribution II. The local influence measure of Bayesian weights when

the prior is perturbed in the direction of a generic contaminating distribution @) € @ is given by

LI(Q;q,,11) = [&IBT(})} . (3.6)

LIS 4 2op] Y (LT (Q: 0910uTT) — LT (Q; AgponTI) - 1

b
~LI(Q: Zgje.T1) [£+ Dote] ~* (Bore — Mo - 1) |

= %Zﬁi - (LI (Q; 005, 1T) — LI (Q; Ag, 1T) - 1)

=X LI (Q; 20, T0) - g

r|z

For detailed calculations and definitions of quantities involved see Appendix F.
A similar structure is found for the local influence measure of Bayesian weights when sampling
model Fy is perturbed in the direction of a generic contaminating distribution G € G. Such

measure is given by:

LI(GiagP) = | M) 1)

1 .
=[S+ So1.] T [LI (G010, Fo) — LI (G; Agpa, Fi) - 1

b
—LI (G; 29‘1;, FQ) [Z + 29|x] ! (99|m — /\9‘1 . 1)}

1
= Ezrli - (LI (G;0p)0, Fy) — LI (G; Xgjas Fp) - 1)

2L LT (G520, Fo) - 4y

r|z

For detailed calculations and definition of quantities involved see Appendix G.

The stability of Bayesian weights in a neighborhood of the assumed model depends on the
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stability of the first two moments of the posterior distribution, which are posterior summaries.
We have shown in Chapter 1 that their local influence measures capture both a 'data effect’ and a
'model effect’ on the functional. For this reason, measures (3.6) and (3.7) are expected to reveal the
total effect on the Bayesian weights of perturbations of the prior and sampling model respectively.

Moreover, it may be useful to put in relation the obtained sensitivity measure with the corre-
sponding component of Bayesian weights. We therefore define relative measures of local influence

for the prior and the sampling model to be respectively

LI (@5 qz311) = sup [diag™" (¢,) - LT (Qi g, D)
QeqQ

and

LI* (5‘; qB;Fe> = sup |diag™" (q,) - LI (G;q,, Fy)| , (3.8)
GeG

which give the absolute component by component maximum relative effect as the distribution
moves locally around the base model in different directions.

Once a certain combination of prior/sampling model is chosen, portfolio composition becomes
a function only of observations. To see the component by component change of q, as a single
observation in the sample is moved, we use the Sensitivity Curve (see Chapter 1). For the Bayesian
weights it is defined as

SC(z) = %

z -1 z z
{5+ Zope (B Ot (F) = Mope (F) - 1)+
—1
— B+ Zo (Faet)] ™ (Bopa (Fam1) = Aope (Far) - 1)},
where F,,_1 = (21, ..,2,_,) is the empirical distribution of the sample of (n — 1) observations and
F? =(z1,..,@,_,, %) is the sample in which observation z has been added. If this measure diverges

as z becomes larger, the functional is said to be non robust with respect to observations.

In the next section we explore the behavior of such local sensitivity measures.
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3.4.4 Performance of sensitivity measures

In the previous sections we derived different measures of sensitivity of the portfolio composition.
In this section we assess their performance by means of a simulation study. In order to obtain
analytical formulations we consider normal contaminating distributions for both the prior and the
sampling model.

We let contaminating prior @ to vary within the set {N (6o, ¥o) : ¥o =c- 2o, c€[0.2,3]},
which allow smaller and greater prior precision around the same prior mean. The measure of local

influence of Bayesian weights to perturbations of the prior in the direction of @ is then given by

(3.6) with
99|x (Q) = E9|9c (Q) [nzilf‘f‘ \:[16190] s
So (Q) = [ 4w
and
m(z;Q, Fy) o2 S0 (@)

1 / —1 -1
= expq—=0, (¥g" — X, ) 0o+
m () |20\71/2 |Ee\zi1/2 { 2 0( 0 0 ) ’

1 P 1,
+50012 (Q) Soa (@) 001 (Q) — 5991293509@}‘

For the sampling model we consider contaminating distribution G that moves within the set
{N(6,Q) :Q=d-X,de[1,3]}. Such family allows to increase the volatility of portfolio asset
returns without changing the correlation structure between assets. The measure of local influence

of Bayesian weights is then given by (3.7) with

05, (Fo,G) = 3]} (Fp,G) [(n— 1) STy + Q' + 55 00] ,
55 (FpG) = (-t texgt]T

and
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m, (z; 11, Fp, Q) Dkl { (n-1)
= 1 T eXp < — tr(Z S i )+
m (z;11, Fp) Q|2 V|2 2 =9

1
gtr(E_IS) - 570 + %E'Z‘lf—i—

(n—1)_
2 x/(*j

1
—1= —1

1 . . —1 .
#5050 (o 0) [2) (@) 0 (.G},

where T(_;) and S_;) are respectively the sample mean and covariance matrix computed

J
dropping observation j from the sample. Analytical calculations of marginal likelihoods can be
found in Appendix H.

We simulate T sets (T' = 30) of n returns (n = 260) -corresponding to one year of observations-
from a k-variate normal (k = 6) with parameters given in Table 3.4. Parameters for the simulation
study are estimated from real market data. We consider daily returns of stock indexes of the six
major European countries in the period January 1995-December 2003. We use sample estimates
in the period January 1995-December 1997 as parameters for prior distribution II and sample
estimates in the next period (January 1998-December 2003) as parameters for sampling model
Fy. Such choice of prior parameters reflect a positive view with high expected returns and small

volatilities and correlations. Contaminated samples are generated from the model (1 — ¢) Fy 4+ G

where ¢ = 0.05 and the contaminating distribution G is a N (6,3 - 3).
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Sample estimates of daily return (January 1995-December 1997)

Mean Covariance Matrix

UK 0.0889 0.0082

FR 0.0596 0.0062 0.0121

CH 0.1127 0.0045 0.0056 0.0087

GE 0.0914 0.0053 0.0068 0.0060 0.0117

IT  0.0680 0.0054 0.0078 0.0045 0.0058 0.0166

SP 0.1091 0.0052 0.0072 0.0049 0.0062 0.0068 0.0105

Sample estimates of daily return (January 1998-December 2003)

Mean Covariance Matrix

UK -0.0127 0.0209

FR 0.0109 0.0190 0.0269

CH -0.0058 0.0159 0.0188 0.0238

GE -0.0044 0.0193 0.0251 0.0192 0.0344

IT  0.0044 0.0166 0.0219 0.0170 0.0225 0.0258

SP 0.0041 0.0163 0.0219 0.0110 0.0220 0.0208 0.0260

Table 3.4: Parameters of the prior and sampling models respectively in

the second simulation study. Euro returns in percent per day.

Figure 3.4 and Figure 3.5 show the average sensitivity measures of Bayesian weights to pertur-
bation in the prior over the T non contaminated and contaminates sets respectively. Perturbations
in the direction of more precise prior play a greater influence. However, the LI measure is small over
all the set of contaminating models and Bayesian portfolio components are stable to perturbations

of the prior!’. This is confirmed by relative measures in Table 3.5.

10We notice that the size of local influence measures decreases with increasing n, i.e. prior information plays a

69



004 T T T T T
0.02 —\ b
ol ) W
o . _\_\_‘_‘—‘——\.
£ 002} 1
g
S
-0.04 A
— UK
— FR
— CH
—0.06_ P GE n
— 1T
SP
_0_08 1 1 1 1 1
05 1 15 2 25 3

Figure 3.4: LT (Q;q,,II) measure for Bayesian weights. Non contaminated data.
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Figure 3.5: LI (Q;q,,II) measure for Bayesian weights. Contaminated data.

Moreover the plot of the LI measure does not change in the contaminated case. These two

minor role when the number of observations increases.
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facts support a more general intuition. When the number of observation is large the value of
the Bayesian estimate does not depend heavily on the prior and hence sensitivity to our prior
choice is negligible. Therefore with a reasonable amount of past returns such estimates incorporate
estimation risk without depending too much on the choice is negligible. Therefore with a reasonable
amount of past returns such estimates incorporate estimation risk without depending too much on

the choice of the prior.

% UK FR CH GE IT Sp

0% LI (@, Tp; H) 0.0551 0.0705 0.0533  0.0277  0.7984  0.0349
0% LI~ (@, T; F) 9.3968 7.1536 30.2748 13.4007 15.5017  5.1747
5% LI~ (@, Tp; H) 0.0592 0.0635 0.6446  0.0732  0.0280  0.0417

5%  LI* (G;TB;F) 10°>- [2.3936 0.2572 0.4357 0.3525  0.6610 0.5550]

Table 3.5: Average relative local sensitivity measures of estimated Bayesian weights with
respect to the base prior and sampling models under non contaminated and

contaminated samples.

This is not the case when considering local influence measures for the sampling model (Figures
3.6-3.7). Portfolio components are now more sensitive to perturbations. Under non contaminated
data the local influence measure remains small up to d around 2.4 and increases after that point,
leading to quite large relative measures in Table 3.5. We check both the size of the "data effect" and
of the "model effect" for each posterior summaries in measure (3.7). We find that this increasing
pattern is due to the model effect, since Bayes factors remain reasonably small over all the set of
contaminating distributions. Figure 3.7 shows the effect of introducing few outlying observations.

The sensitivity measure for each component increases up to order 10°. Hence the LI measure for
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the sampling model is found to be a useful tool for detecting the presence of ’extreme’ observations

where no visual representation would be possible because of the multivariate nature of the data.

Figure 3.6: LI (G;q,, Fy) measure for Bayesian weights. Non contaminated data.
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Figure 3.7: LI (G;q,, Fy) measure for Bayesian weights. Contaminated data.
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Finally we want to measure the influence of a given observation on Bayesian weights. We first
consider the case where outlying returns are added only for one security at a time (Figure 3.8).
Such observations are chosen to vary between the minimum and the maximum observed return
for each security in the period January 1995-December 2001. Of course, the weight which is most
influenced corresponds to the one of the perturbed security. However all the other components are
changed in the opposite direction because portfolio weights have to sum to one. It is also interesting

to note the linear relationship between each weight component and the ’extreme’ observation.

SC with outlying observations in one security only
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Figure 3.8: SC for Bayesian weights under normality of both prior
and sampling distributions adding ’extreme’ returns only
in one security a time.
Figure 3.9 shows the SC of ¢, when vector z is added. Such observation is chosen so that all its
components vary between the minimum and the maximum observed return for each security in
the portfolio. The sensitivity of the different components to observations are very different. While

the weights of Italy and Germany increase with increasing outlying observations, the opposite
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behavior is displayed for UK and Spain. The components of France and Switzerland appear
almost insensitive. However, we can conclude that the effect of a single observation on Bayesian
portfolio composition is potentially unbounded. In the next Section we propose a procedure that

does not suffer from this problem.
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Figure 3.9: SC for Bayesian weights under normality of both prior

and sampling distributions. Simulated daily returns.

3.5 Robust Bayesian weights

In the previous section we derived measures of sensitivity of Bayesian weights to different inputs.
We found that portfolio components are extremely sensitive to observations because of the un-
boundedness of the SC. Moreover the local influence measure of the sampling model turns out to
be a useful tool for detecting the presence of outlying observations. In this section we propose a

robust estimation procedure for Bayesian weights, that is a procedure that works well even if only
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the majority of the data fits the normal model.

When the presence of outliers is detected robust Bayesian procedure can be built by adopting
a robust model for the sampling distribution. Such model consists in a location-scale family
of symmetric unimodal distributions enriched with further parameters that control the shape,
especially in the tails. Different robust models have been presented in Chapter 2 and generalized
to the multivariate case.

Robust Bayesian mean-variance weights qj:) are therefore the solution of (3.4) where the robust
predictive density of future returns is given by p" (rplz) = [p(r, |0)p(R> (0|x)dl with P (0|x) the
robust posterior density obtained with a robust sampling model. However the resulting predictive
distribution is no longer normal''. As we said in Section 3.4.2, robust Bayesian weights basically
depend on the first two moments of posterior distribution since the normality assumption of future
returns r holds, i.e.

m 1 w1~ (R)
dy =7 [Z+Ton] G — Ao 1). (3.9)

Therefore 9;1‘2 and Z;T; can be computed by means of MCMC algorithms that generate a
random drawn from p" 0)|).

When a robust model is assumed the effect of outlying observations is dampened and measure
(3.7) is reduced. This latter fact can be used as a selection criterion among different robust
estimates. We choose the robust weights (3.9) that display the smallest value of the LI measure
for the sampling distribution. In the next section we will compute robust Bayesian estimates using

real market data.

11'Under the assumption of a quadratic utility function for investors, the Robust Bayesian mean-variance weights

still satisfy the expected utility maximization paradigm.
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3.6 Application to real data

In this section we implement the robust estimator of Bayesian weights using daily returns of stock
indexes of the six major European countries from 1st January 2001 to 31th December 2001.

In order to establish the need for a robust estimation procedure we compute both the SC and
measure (3.7) of Bayesian weights under a normal prior/normal sampling model assumptions*?.

Figure 3.10 shows that each component of the Bayesian weights is a linear function of a single

observation.

SC of Bayesian weights - all components
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Figure 3.10: SC for Bayesian weights assuming a normal
distribution for the sampling model. Daily

returns over the period 1.1.2001-31.12.2001.

As expected, gp are not robust to the presence of outliers. Moreover the computed relative LI

12The parameters for the prior distribution are the sample estimates of daily returns from the 1st January 1995

to 31th December 1997 in Table 3.4.

76



measure for the sampling distribution'® shown in Table 3.6 is very large compared to the case in
which data are generated from a normal distribution (see Table 3.5). Therefore robust estimation

is clearly needed.

UK FR CH GE IT Sp Sum

qB 4.0068 -4.5500 -0.2860 -0.1124 -3.5419 5.4835 1

LI* (G;qp, Fy) 10*- [0.0372 0.3347 0.0079 68.2439 0.2970 0.2280] 691489.61

Table 3.6: Analytical estimates of the Bayesian weights and their relative local influence

measures for the sampling distribution.

We use a random walk Metropolis-Hasting algorithm (Hastings, 1970) to compute 9(9}‘2 and
E;T; under different robust sampling models. We made all the computations in Matlab and we
checked the convergence of the chain and of the averages by means of BOA library in R. Estimates
of Bayesian weights (3.9) and their relative local influence measures are shown in Table 3.7.

Under the normal model the components of the Bayesian weights are well estimated. LI*
measures are computed using estimator (1.17) (see 1.5) but estimated values are different from
analytical results. This is probably due to the fact that (1.17) relies on the importance sampling

technique and the choice of the posterior density as sampling density is not adequate. We tried to

estimate LI* using estimator (1.16) that uses density (1.13), but the results were even worse.

I3 Measure (3.8) is calculated assuming a normal contaminating model G' with mean 6 and variance Q = 3 - .
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qB

LI*

(EPS)

LI*

(RN)

LI*

UK FR CH GE IT SP
Normal
4.0047  -4.5491  -0.2889 -0.1031 -3.5229  5.4593
2455.28  2781.77 27299.47 159375.39 3629.39 1257.99
Student-t (15)

4.0298 -4.8719  -0.7565 -0.3808 -2.0476  5.0271
4.37 0.06 14.49 30.51 5.84 0.62
EPS (0.3)

3.9479  -4.3803  -0.6596 -0.4331 -2.6897  5.2148
8.67 3.75 33.33 81.74 12.49 0.99
EP (8;0)

3.9799 -5.2537 -1.1010 -0.4641 -1.6224  5.4614
1.29 0.32 3.17 4.21 0.63 0.51
RN (0.05;2)

3.8091 -4.3510 -0.8678 -0.4971 -1.8808  4.7877
1.31 0.50 3.69 3.08 0.47 0.61

Sum

1

196799.30

55.88

140.97

10.14

9.67

Table 3.7: Numerical estimates of the Bayesian weights and their relative local

influence measures for the sampling distribution under different

sampling models. MCMC simulations with 500.000 runs.
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However, what it is more important is to look at the effect of assuming a robust model for
the sampling distribution on LI*. For all robust models considered such measure is drastically
reduced and the sum of all its components declines up to 9.67. Therefore robust Bayesian weights
are obtained under the RN distribution with parameters (0.05;2). Note that the position held in
the robust portfolio is the same (i.e. long in the UK and Spain market indexes and short in the
others). Only the proportion invested in each security changes. Moreover as expected the SC of

qEBRN) in Figure 3.11 shows a bounded behavior.

SC of robust Bayesian weights - all components
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Figure 3.11: SC for Bayesian weights assuming a RN distribution for
the sampling model. MCMC simulations with 250.000 runs.

Daily returns over the period 1.1.2001-31.12.2001.

We now focus on the estimates of the posterior moments under the normal and the RN sampling
distributions (Table 3.8 and Table 3.9). Estimated values in the normal case are very close to
the values computed analytically. Under the robust distribution the estimated mean of expected

returns increases for Italy and decreases for Switzerland and Spain, whereas the covariance matrix
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of the expected return becomes larger. This is a crucial point: using robust estimation procedures
for the Bayesian weights does not underestimate the risk of the investment which is given by the
predictive variance X, = ¥+ 3g|,. Matrix ¥y, takes into account the fact that the robust mean
of expected returns is obtained dampening the effect of some observations and therefore there is a

loss in efficiency which is typical of robust estimation procedures.

Mean expected returns g,

Analytical estimates Normal MCMC estimates RN MCMC estimates

UK -0.000555 -0.000576 (1.19-10°%) -0.000597 (1.43-10°°)
FR -0.000934 -0.000967 (1.28-107) -0.000929 (1.39-107°)
CH -0.000799 -0.000828 (1.18-107) -0.000913 (1.44 - 107°)
GE -0.000826 -0.000869 (1.45 - 10°%) -0.000867 (1.77-10°)
IT -0.001148 -0.001181 (1.31-107) -0.000996 (1.64 - 107°)
SP -0.000294 -0.000333 (1.32-10°%) -0.000356 (1.60 - 10°°)

Table 3.8: Comparison of analytical and numerical estimates of the posterior mean under the
normal and the selected robust sampling models. For the MCMC estimates the error

is given in parenthesis. Euro returns in percent per day.
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Covariance Matrix of expected returns Y|,

Analytical estimates

UK 829-107

FR 7.61-107 9.95-107

CH 6.35-107 6.93-107 8.62-107

GE 8.09-107 963-107 7.38-107 1.25-10°

IT 7.15-107 899-107 6.84-107 9.61-107 1.06-10°

SP  6.52-107 8.84-107 6.40-107 9.04-107 872-107 1.07-10°

Normal MCMC estimates

UK 8391077

FR 7.75-10"7 1.01-10°°

CH 6.36-1077 6.96-1077 8.62-107"

GE 818-1077 9.71-1077 7.39-1077 1.25-10°¢

IT 721-1077 9.09-107 6.83-1077 9.63-10"7 1.06-1076

SP  6.66-10"7 897-1077 6.43-107 9.09-10"7 8.74-10"7 1.08-1076

RN MCMC estimates

UK 1.17-10°¢

FR 1.08-107¢ 1.41-10°6

CH 899-107 981-1077 1.22-10°¢

GE 1.14-107% 1.36-107¢ 1.05-107% 1.78-10°6

IT 1.01-107% 1.28-107% 9.74-10°7 1.37-107¢ 1.52-10°6

SP 931-1077 1.25-107% 9.14-1077 1.29-107% 1.24-10°% 1.51-10°

Table 3.9: Comparison of analytical and numerical estimates of the posterior covariance

matrix under the normal and the selected robust sampling models.
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3.7 Conclusions and future developments

This paper discusses the robustness properties of the Bayesian mean-variance portfolio weights.
We first initially compare the CE and the Bayesian approaches to portfolio selection when data
come from a normal distribution or contain some outlying observations. We find that the presence
of ’extreme’ returns makes the Bayesian method lose its property of outperforming the CE method
for small sample sizes or more risk tolerant investors.

Then we compute measures of local sensitivity both to distributional assumptions and to obser-
vations. Their behavior is explored by means of a simulation study. We find that LI measure for
the prior is very small, which means that results do not depend heavily on prior assumptions with
a sample greater than n = 260 observations. Moreover the LI measure for the sampling model
turns out to be a useful tool for revealing the presence of outlying observations. Our result is useful
because the multivariate nature of the data makes this task difficult to achieve otherwise. We also
find that Bayesian weights are extremely sensitive to observations when a normal prior/normal
sampling models combination is assumed.

Finally we propose a Bayesian estimation procedure for portfolio weights which dampenes the
effect of ’extreme’ observations. We consider an application to real market data. The unbound-
edness of the SC and the large size of the LI measure of Bayesian weights reveal that robust
estimation is needed. We then compute the robust Bayesian weights and their LI measures turn
out to be much smaller than in the normal case. A final important remark: when a robust model is
adopted the effect of outlying observations is dampened on the estimated mean of expected returns,
but its covariance matrix becomes larger. This means that using robust estimation procedures for
the Bayesian weights does not underestimate the risk of the investment.

A possible direction for future research would be to build the robust estimator for Bayesian
weights when the hypothesis of known covariance matrix is relaxed and also a prior on this param-

eter is assumed as in Frost and Savarino (1986).
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Appendix A

Consider a linear perturbation of the sampling distribution of type (1.3) with G the contaminating

distribution. The perturbed posterior density is given by

pe 0l = ST,

and its derivative

+

(w(0) 2252 ) o (210, )
m (g; s 11 F9,5)2

(@(9)- Lr. («]6)) (%)
m(z;l‘[’ F975)2 e=0

i[ — fo (@) ] fo Iz]

. Jj=1 i#£j B
- m ;11 Fy)
m(0) Lr (x10) Y [m; (11, Fy, G) — m (z; 11, Fy)]
m (11, Fy)®
_ mj x; 11, Fg,G) o

L) PE - Ll K

o m(x;ILFy)
_ Z%m(mx)p(ﬂz)k
where
9(@;) - ]] fo (i)
i#£]
pj (Olz) = m; (z; 11, Fp, G)
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is the posterior obtained when a sampling distribution G is adopted only for observation j and

m; (z; 11, Fy, G) _/ g (@) [ fo (i)

i#]

is the corresponding marginal likelihood.

The measure of local influence of the functional to the sampling model is therefore given by

LI(G;Tg, Fy) = /p(&) {%fm]a o(w

= [r0) 3 | 0ln) 610

Jj=1

N vajn(?:r’,nl"IFJ?;)G)/P(e)'(Pj (0lz) —p(Olz))do. (A.1)

=1

.

Expression (A.1) takes different forms depending on the contaminating distribution G. If G is a

distribution with parameter 6, we denote it by Gy. Local influence measure of Tz is then given

by:
. _ < mj(‘r;ﬂvF@vG@). (49) _
LI(Gy: Ty, Fy) = ; o (TB (Fp,Gg) — T (Fg))
where m;(z;II, Fy, G fgg zj Hfg ;) do.

i#]
If G depends on a different known parameter 1 (n # 6), the contaminating distribution is

denoted by G, and (A.1) turns out to be
LI(Gy;Tp, Fy) =) (i T P o) (Té D TB)
J

where m;(x; 11, Fyp, Gyy) = gy () fog x;) 7 (0) df and T ) is the posterior functional under

i#£j
base models using sample x without observation ;.
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Appendix B

Assume prior II and sampling model Fy to be respectively N(6p,03) and N(6,02%). We need to
compute the marginal likelihood m (z) = [ Ly (2|0) 7 (0) df where L (x|0) is the likelihood under

the reference sampling model. It is well known that in this case the posterior is IV (99|x; O'gl x) with

azag

0 _ nag§+o290
lz = no2+o2’

T o7 Our quantity of interest turns out to be:

2 _
and Ohls =

m(z) = /77 ) - L (]0) do

Jcon

[N

_n 1
(2m0®) ? exp {_Tf% (0 —0y)° — 252 (x; — 0)2} do

%

I
~—~
[\
3
|
‘?
wl+
—~
Q
[\
S~—
|
wl3
—~
Q
=S
SN—
|
N
@D
"
el
—N—
|
—
)
|
8|
S~—
S
——
@D
"
el
—
h
<
~—
—~
U
<

where A (0) = —55 (6 — 00)° — 5 (T — 0)*. Let’s work with the exponent A (6). We have
0

o2

1| (0% 465 —2000) n(z*+6°—207)
A9) = —3 o2 + s

1
= - 20207 [0202 + 0202 — 202600 + nolT? 4 nol6® — 2n0%0ﬂ
_ 1 o? +nod 02 _ 9 0200 + nodT 0205 + nodz?
2 ogio? o2+ nod o2+ no?

N—— N————

:U;é :amI

Adding and subtracting 9§|x we get

-2
Tolx 2 0208 +nodT
14 (9) = - 2 [(6 - 99|m) + 02 #,710% - 9‘1
1/0-0p.\> 1 m 2
; _5 ( 00|z ) - 50—2 +n08 (60 - x) .
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Therefore substituting into m (z) we have

_(n+1)
2

ma) = @n) (0 () F (2003,

1 _\2 1 n —\2
.exp{—@Z(l‘i—m) —§m(90—$) }
7

-3 1 /0=00.5\"
. 2 B Y L
/(2W09\1> exp{ 5 l( o ) df

=1

n _(n—1)

= (2m) 2 (02) 2 (02 +na%)7

1 _vo 1 n —\2

=

0
Consider now the class of contaminating distribution Gy = {N(Q,nz) :n? € [02, 10 - 02] } We
need to compute the marginal likelihood in the case where contaminating model G is assumed only
for observation j. We denote with L;{)G (0|x) the likelihood function in this case. The marginal

likelihood is now given by

my (2511 Fy, G) = /L;Z}G (0]) = (6) b
1 _(n—1 _ 1
= (2%03)_5 (27TO'2) 2 (27T772) 2
1 2 1 2 1 2
. ———= (0 —0y)" — — i —0) — — (z;—0 do
/exp{ 203( ) 202 - (@ ) 2n? (= ) }
_ (n41) _(n—1)

= @0 T ()T (ob?)

1 N
- exp ~552 (:cl — x(j)) . /exp {B; (6)}db,
i#£]

where B; (6) = —5% (0 — 60)° — Gz (3(5) — )" — 32 (25— 0)”.

Working again with the exponent B; (#) we have:

1| (0% + 65 — 206,) . (n—1) (f?ﬁ +6° - 29%’)) . (22 + 0% — 20z;)

B;(6) = —-
J() 2 0(2) o2 772
1 5 9.0 9 9.9 9 9 2 92
= T2 (027207 + 0*26] — 20°02000 + (n — 1) a3t

+(n—1)n%c26* —2(n—1) " og0T ;) + 0'20'336? + o%020* — 20%030;]
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1
T 252022 [(0®n* + (n = 1) n’of + 0°0p) - 0 + 0 0pa + o0
00N

+(n—1) 7720(2@%7) —2(0*n*00 + (n — 1) 03T () + o og;) - 0}

_ 18P+ (- DnPog+ 008 | e 2<02’7290 +(n=1)n’odT) + UQU%W) 0

2 oo?n? o2n? + (n — 1) n203 + o202

=2 =0 .
_Ue\z,j 0|z, j

o’ogas + o220k + (n—1) T]QO%T%j)
o2n? + (n —1)n203 + 0203
Adding and subtracting 9§|x7j we get

—2

g .
B;(0) = _% [(9 —Opjay)” +

2 _
o?ofzi + o0y + (n — 1) 0Ty e
o2 + (n — 1) 202 + 0202 Olz,j

100050y \* _ ooy (0082] 40005+ (n— DnPodEy)
2\ Obp, 2 o?n? + (n — 1)n?0f + 0?0f vl

_ 2 _
1 (9 - 99|z?>2 - Tole.j _ (020356? +otn + (n—1) 77%39:%) .

2\ 0oz 2 (022 + (n — 1) 1203 + 0203)’
_ 2
. (02772 +(n—1)n*c2 + 0203) B (0277200 +(n-1) 7720333@ + 020(2)1’]')
(0212 + (n— 1) 20 + 0203)” (0212 + (n— 1) n?03 + 0203)”
L () o
2\ 00l 2 (02 + (n—1)1203 + 0202)°

. (02 (xj — 90)2 + (n — 1)772 (T(J—) — 90)2 + (TL — 1) U(QJ (T(J—) — 3?]‘)2)

— 2
100\ 1 (02 (2 — 00)> + (n — 1)n® (T(;) — bo) )
2 o’n® + (n— 1) n?0d + 0203

2\ Oglay

_ 2
1 (n=1)ag (TG — =)
2 o2+ (n—-1) 7]20(2] + 0203'

Therefore substituting in m;(z;II, Fy, G) we get

(n—1)

(0%) 7

1
2

I3

(1L, Fp, G) = (2m)° (o) (2n03,.,)

1 _ 2 1 o? (z; — 0o)°
o 202;(@ ") 3 (0*n + (n — 1) n?of + 0?03)

— 2 — 2
cexpd L =D (Fg) —00)” + (0= 1) 0 () — )
2 (02n% + (n — 1) n?0d + 0203)

1 2
. 2 o2 1 0 — 0ol
/(QWJG‘”) eXp{ 2 ( 00|z,j @

=1
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_(n=2)

n _1
oz (*n° + (n = 1)1°og + o%05)
1 02 (1?]'*00)2
- exp -
{ 02; 2 (022 + (n— 1) n20Z + o202)
2 _ 2
cexpd L. 2D (@) —00) + (- 1) (T — )
2 (0n* + (n = 1)n°og + 0°07) '
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Appendix C

Consider the Bayesian linear regression model where a normal distribution is assumed both for the
error model F' and for the prior II. The posterior distribution of regression coefficients turns out

to be normal with mean

E(Bly, X)=V (358 + X'y)

and variance

Var (Bly, X) = o2V,

where V = (Ea T4 X'X )_1. The corresponding marginal likelihood is given by

Ve
(eI

_kin _1 A
m(y,X):(QmJQ) 2|20 2exp{—;}(27r02) V|z,

where A =072 (y'y + a4 g %0 — BBayesV ' BBayes)- The Bayes estimator 8p,,., for regression
coefficients is given by the posterior mean E (S|y, X ), which is a posterior summary of type (1.2).
Therefore measures of local influence of the functional to prior and sampling model perturbations

are respectively given by

L e
=0
— [5|gpnxnan| as
e=0
_ om(y, X;Q,F)
= W[TB<Q)_TB]7
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and

LI(G;Ty,F) = {WBi()]

- /B{ ﬁy,XHF)L_Oﬂ

=0

— ij (y’X;H;F’G) [Téj) (F G)*

=  myX)

=(8)- L5 (WIX.8)
where m; (y, X; 11, F, G) = [ L, (y|X, 8) 7 (8) dB and p; (Bly, X) = S o 55 e

Both measures can be solved analytically only performing a conjugate analysis. Suppose that
the uncertainty about the prior distribution on § is represented by the family @ = {N (ao, 0220) :
ot < ag < g™} . The posterior derived with such a prior is still normal with mean f3,,., =
(X'X + 20—1)—1 (X'y + Ealao) and covariance matrix o?V* = o2 (X'X + 20_1)_1 = 02V. The
corresponding marginal likelihood is given by

*

%} (27T02)% V¥,

k4n

— £ _ 1
m(y, X:Q, F) = (2m0%) 5 |5y 2exp{

=

where A* =072 (y'y + ap Xy ag — BBM!ES _1,6*Bayes) .

Under this assumption the local influence for the prior becomes

expq —4-
LI (Q;TBaH) = %_i}} (ﬂ*Bayes - 5Bayes)
2

exp { (a0 = Bo) Bg " (a0 — 50)}

202

B*a esiﬁ ayes /Vil B*a esfﬂ ayes *
exp{—|—( Bay Bay ) 20—2 ( Bay Bay )}(ﬁBayes—BBayes)

{_ (@0 = Bo)' [Z0" = =o' V'55 "] (a0 = By)

- P 202

} (VEG! (a0 — By)] -
Let’s now consider the perturbation of the sampling distribution. We will denote by 373 (1 x k) the
row j of matrix X corresponding to observation j and with X(_;) (n—1x k) and y_; respectively

the matrix X and the vector y where the observation j has been dropped out. Assuming a contam-

inating family of type G= {N (O, c2) st <2 < csup} the marginal likelihood m; (y, X;II, F, G)
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is given by

m; (y, X5ILF,G) = /L.(g,)c(wX,ﬁ)W(ﬁ)dﬁ

(k+n—1)

= (2r0%) 7 (27702)7% |ZO|_% exp{—%é}.

The terms B is given by

B = o072(B-B) 55" (B—Bo) + ¢ (y; — }B) (y; — }B)
+077 (Y = X pB) (v — X(-ph)
= 07BN B 2072855 By + 0By B + ¢ Pyf — 2072 B
+e2B'wai B+ o7 Yy — 2028 XLy + o 2B X (L5 Xy
= g [0'_2 (X{fj)X(,j)) + 72 (z2)) + 0_2261} B
—2f' ( )Y T iy + 0%, 150)
+0 728055 " By + ¢ 2YE + 0y y—g)

= 0 7Bo%0 B+ cTyi + oy pyy—y — o Pmy VT my

_B,
102 (5= B%hges) Vit (B 60es)

= Byt (3 )V (5 0

where
) o2 -1 o2
ﬁBjayes_ [X( HX(- J)+ — &z + Xy } (X( HY(- J)+ Ty + Xy Bo)
and
2 —1

V; = {X( J)X( ])+ :L']$ + 3y ] .

Marginal m; (y, X;II, F, G) becomes
(=1 1 1 1 B;
m; (y, X;IL F,G) = (27702) 2 (27702) 2 %] > \Vj|é exp{—#},

and the corresponding posterior distribution turns out to be a N (6 Bayes: O 2VJ) . Therefore Tg ) (F,Gg) =
6%317;65 :
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Under this assumption the local influence for the sampling model is given by

LI (G;Tg, F)

-

1

~
I

. .
i =

NIE

<.
Il
_

(k4+n—1)

(27r02)7 2 (27702)7% |EO|7% exp{—%} (27r02)% |VJ|%

(2m02) " S| Fexp {—42} (2m02) ¥ |V|E

B res — Brayes )|

exp _f (B(Bgz)zyes - ﬁBayes)

VR
Q
(]
=
~~
|
[V
—
S
N
~—

_ () —14(7)
{_B/Bayesv lﬁBayeS - Béayesv} BBJayes } (B(]) - BB )‘|
ayes .

202 Bayes

92



Appendix D

In this appendix we give the form of the density generator g for some univariate distributions.

Results are summerized in the following table:

Model o)
Normal N (6,0%) exp (—u)

Student-t ¢ (6,02,p) ( 142 YM

EPS EPS (6,0,9) exp (—05 : (2u)<5+1>’1)

RN RN (0,0,a,b) exp (_ (b- az/b)*l . f0a~(2u>b/2 e_tt%_ldt>

EP EP(0,0,c,\) 1 (0%) - 0?]? exp {5 oy (1 N %u)}

The paper by Landsman and Valdez (2003) proves the condition

/OO u%_lg(u)du < 00 (D.1)
0

that guarantees g to be a density generator for the normal, student-t ans EPS distributions.

In this appendix we prove such condition to be satisfied for the RN and EP distributions. We

denote by u the quantity u = 1 (“’—9)2 .

[oa
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Ramsay and Novick’s distribution

If X ~ RN (u,0,a,b), then it belongs to elliptical family with

1 a-(2u)®/? )
g (u) = exp (— (b : a””) : / etﬁldt> ,a>0,b> 0.
0

Integral (D.1) is given in this case by

e’} _ . b/2 2_
1 _(p.,2/b\"L pa-(2u) —t 1
I:/ u— e (0a®") s ety dtgy,
0

and it cannot be computed analitically.

However, considering the integral in the exponent, the following relation holds
a-(2u)b/? ) 2
/ e tvldt <a- (2u)b/2 et
0

where t, = max; (e_tt%_l) > 0 because the function is define on R.

Therefore (D.1) can be written as

< 1 ,(b.a2/b)*1.a.(gu)bﬂe—t*t%*1
I < u 2e * du
0

1
= 235 3T (1 + 3) < 00,

2
_ o, 2
where r = b~ 1q2/0=1e=tsg2 .

It follows that g is a density generator and the RN distribution belongs to the elliptical family.

Extended Power distribution

If X ~EP(p,0,a,b), then it belongs to elliptical family with

c ] 21/71(02)-02
exp —2-/)/\ + 1 U .
0o o c 21/—1 0.2 .0.2
[/0 U 2exp{§~pA<1+%u>}du],

and it can be computed analitically only for A = 0.

=

g(w) =" (%) 07

Integral (D.1) is given by

=

I= [1/*1 (02) -02]
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In this case we have
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Appendix E

In this appendix we show that, as long as future returns r are normally distributed, the moments
of the predictive distribution P, depend uniquely on the moments of posterior distribution Py,
for any posterior distribution considered. Let’s assume r ~ N (6, 3) with ¥ known.

Predictive moments are given by

0r|x =

and

So = /rr’p(r|x) dr — (/rp (r|z) dr) (/rp (rlz) d?“)/
= /(/rr’p(r|0) dr>p(0|x) 6 — 09200,

- / (S +660') p (B]) d — 05,00,
= X+ 20|m =+ 99‘x9’9|x — 09\1910\90

= X+ Eg|m.

which are a function of posterior moments (99|m, Eg|x) .
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Appendix F

The local sensitivity measure of Bayesian weights ¢, to perturbation of prior II in the direction of

contaminating distribution @ is given by:

LI@ua,m) - (PR
_ dq,, (1, 8vec([2—|—20|x 9] 1
8vec([2+29‘m ] Qvec(X + Xg, (T ))/
avec(2+zmm } 9g, (1)~ 90 (1)
=0 890\1 ) e e=0
9, (I1.) 3/\0\1( c)
*L»m IT.) } Y

Using the properties of operator vec and of Kronecker product ®, such derivative can be easily

computed. The vector of the Bayesian weights ¢(II.) can be written as
45 (Ile) = wec(gs (1))

= % [(Og1 (Te) — Xgj (Te) - 1) @ I | - vee([S + Sy, (Ie)] .

Therefore we have:

[ 8q(Ha) ‘|
dvec([S + Tg), (11L)] oy £=0

[(99\1 - )\0\1’ ) ® IN] )

@‘Ir—t

dvec([ + oy, (He)]_l)] e e
l@vec([E-}-EelI(HE)]—l), 5:0 [ + 0\1} ®[ + 0\1} )

l dq,, (1)

1 -1
— 2[5+ S
04, (IL.) p 1=+ Dol

b

e=0

99



and

Og5(L) 1 _ 1 o
|:a)\9z (HE)L—O =7 2+ %] -1

For all remaining quantities it is crucial to compute the derivative of the posterior distribution. If

we assume a contaminated prior density of type m. (0) = (1 — ) 7 (0) 4+ £q (0), we obtain

9 (7 (0) Lr (0]z) [ Z DL (0lz) m (310, Fy)
{8s<m(x;HE,F9) )L_o B l m(:ﬂ;HE,Fg)2 +
—7c (0) L (0]ar) 2ielle.Fo)

171(:E;1'[6,F9)2 o
(¢(0) =7 (6)) Lr (Bl2)

m (x)
7w (0) Lr (lz) (m (z;Q, Fp) —m (z))

m(x)

_ m(@;Q.F) (q(9)LF(9lx) W(G)LF(HIﬂ:))

m (z) B

m(z;Q, F) m (z)
Indeed, we have
S R L C e g | I

_ m@iQF) (0910 (Q) — 09}z

m (z)
= LI(Q:0p,.11) .
Moreover

dvec(E + g, (I1.)) _ [Ovec(Xg). (I1))
85 e=0 B ag e=0

[829;1: (Ha):|
vee ,

(9{;‘ e=0
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where

= o0’ = WFFS o+

00,5 (11, , 901, (11.)
- "'86( G0y (LY — 0y, (IL) 09|0€(H) )
N %%F) o1 (@) — Zoj + o1 (Q) 01 (@) +

o1z (Q) 1z — Oyjabpa (Q) + 1,0y |

= LI (sz(ﬂmn)

The last term depends on the previous quantities, and it is given by:

9l 0 V[E+ Eeu ()] 1 e=0

(1/ [a[mz@az_(ng)]l]e 099|x> (1' =+ Zp] 1)

) +

(1' =+ 0] 1)
CUDED R L L:o) (v [Z+%0] 1)
(v [Z+20] )
e o) (w2222 )
) (v[Z+Z.] 1)2
— (V[Z+ Zopa] T LI (@5 Tope, T) [S 4 o] )
(1' =+ o] 1)

(1 [=+So] 2@ D)) (V[ Zopa] T O — ) |

+

+

+

(1’ (2 + Zg)2] - 1) " (1’ [+ Zojz) - 1)2

: (1' B+ D] LT (Q; Sepe, T [S 4 Sop] 1)
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_ om(@;QF) [VE5: (G0 (Q) — 1) .
m (z) s i1
B US55 (Zoe (Q) — Zop) E;12001 .
1yl

r|z
15,2 (Bope (@) Bope (@) — 01,0, ) 500
1yt *

r|x

V2L (Boje (@) Oy, + Opy. 0010 (Q)) 57100 X

+

el
(s —0) (V55 (80 @ =) S 1)
(1/2;‘;1)2
. (1272000~ 0) (1272 (00 (@) o1 (Q) = O (Q) 0y, ) =571 1) )
(1/2;@1)2
. (1’2;;9% = b) (1' Rl ( 0120610 — 05100/ (Q)/) S 1)
(1/2;;1)2
= LI(Q;Xgs,10),
where
0% (I02)

Oe Oe

9T + S (HS)]_1]

S RS i [ L_O S+ D]

— [Z+ Sopa] T LI (Q; Sy, T[S+ Sgpa]

Finally, LI (Q;q,,II) can be written as:

!

LI (Q:q,,11) 5 (2 S0 L@ S0, 1) [S 4 Zo] ™ (o1 — Aoja - 1) +

1

> [Z+ Zopo] “ULI(Q; Agpe,T1) - 1

1 _
+3 [+ Do) LI (Q: 04, 10)
1
= 3500 (L1 (Q: 10 11) — LI (Q: Mgpe 10) - 1) +

+3,5 - LI (Q3 Zj, TT) - g
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Appendix G

The local sensitivity measure of Bayesian weights g, to perturbation of sampling Fj in the direction

of contaminating distribution G is given by:

Gy = [MlB]
_ 9q, (Fy.c) dvec([S + Sz (Fo.e)] 1
dvec([E + Sg, (Fo.c)] 71)/ Ovec(X + g, (Fp, E))’

(F9 a)

’ +
e=0

Ovec(X 4 Egjp (Fé),s)):| n 945 (Fo,e)  9o1a
Oe e=0 890\:}0 (FGJ:‘) e

+ I: an (FH,E) . a)\O\r (F&E):l
aA@\x (F9,E) Oe e=0 .

As in the previous Appendix, such derivative is computed using the properties of operator vec and
of Kronecker product ®. Most of the terms involved have already been obtained. For all remainig
quantities it is crucial to compute the derivative of the posterior distribution. If we assume a
contaminated sampling density of type f. (6) = (1 —¢) f (6) + g (), we derive in Appendix A the

following result:

0 (m(0)-Lr (z|0 nmxHF,G
[$ <Mﬂ_ Z&—Hgﬂ@j(em-p(mx)),

Jj=1

where p; (0|z) = |7 (0) - g (z;) - H fo (xi)| /mj (x;11, Fy, G) is the posterior obtained when a sam-
i#J

pling distribution G is adopted only for observation j and m; (z;II, Fp,G) = [ g (zj)H fo (z;) m(0)

i#]
is the corresponding marginal likelihood.
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Indeed, we have

Fend] = ol (S|

_ "~ m; (211, Fy, G) (,0) B
- ]z:: m(SE,H,FQ) (90‘1 (F07 G) 90|x)

LI (G; 99‘17 Fg) .

Moreover
dvec(E + o) (Fo.c)) _ [Ovec(Egp, (Foe))
88 e=0 B (96 e=0
[326»95 (Fe,e)}
= wec|—= ,
Oe e=0
where:

829|x (FG,E)
de e=0

S5 (Ziix wha) .,

009 . 009 (Fp.«
I: ol 0 ):l 60\1 - 99\1 I: 9 ( % ):l
e=0 e=0

8 Oe
o mj (1’,H,F9,G) (J)
- Zl m(x;H,Fg) {Zg\x (F(.),G) _29\93""
]:

+05) (Fo, G) 05 (Fo, G)' + 0,00, +
fé)gj‘r (Fy, G) 0y, — 9'9|x99|3s (Fp, G)/}

= LI (G, Zg‘x,Fg) .

The last term to be computed is:

Oe e 1/ [E + 29‘1 (Fg’gﬂ ! 1
- (1l [E + 29‘.1} - L1 (Gv 29\;1:7 FG) [Z + EG|3¢] - 90|x)
(v [Z+30.] 1)
(I’ET‘;LI (G; ae‘z,Fg)) (1' [+ Sopa] ™ g — b) |
(1’ S+ Spa] 1) (1’ S+ o] 1)2

(V- [B+ Zop] T LI (G5 Sapes Fo) [+ Zopa] 1)

Oz (Foc) 0 (1’ (2 + Sop (Fo,e)] - 060 (Fo,c) — b)
e=0

104



n (4) o
m; (I;H,FQ,G) s rlz (09]|g; (F97G) 99|x>
- +
o miz;ILF) Uyt
;! (zgjl; (Fy, G) — ng) 51001 X
vy, 1
VL (05) (Fo, G) 0) (Fo, GY' + 031,001, ) =201
TSRS
+1/z;|; (eg|; (Fy, G) Oy, + 0,657, (Fi. G) ) T‘x99|m+

/Zr|a:1

(U520 — ) (V- 50 (S50 (Fo, ©) = S ) 371 1)

(x 'Zml)

(127200 — ) (1272 (65 (Fo, G) 05 (Fo. GY) 71 1)

(vein)’

+( ;2001 — b) ( 210001001500 - 1)

(ve)’

(1/2;;%5 - b) (1'. %05 (Fp.G) 05,5 L - 1)

(1'2m1)

(V5700 — ) (1 £5205,.0) (Fo, G) 3L 1)

(x ’Er\rl)

+

+

+

+

+

LI (G; Ajx, Fy)

Finally, LI (G;q,, Fp) can be written as:

LI (G;qBaFQ)

1 - _
= 2[5+ 0] VLI (G S0y Fo) [+ Sop] ' (Oo10 — Mo - 1) +

1 - 1 -
5 (B4 Sae] - LI (G5 0010, Fo) = 5[5+ Sate] " LI (Gs opar F) - 1

1
= bzrli (LI (G;0915, Fp) — LI (G; Mgjo, Fy) - 1) +

+3 0 LI (G S0, Fy) - 4

7|
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Appendix H

In this appendix we compute marginal likelihood m (x;II, Fy) when the prior and the sampling

distribution are respectively N (6p, %) and N (0,%). Under the same assumption for IT and Fp,

we then derive marginal likelihood m; (x; II, Fy, G) when contaminating distribution G is N (6, £2).

The marginal likelihood m (x;II, Fy) is given by

m (z; 11, Fp)

Z(.’L‘l — 9)/2_1(3?1' — 9)} .

N =

= / (2m) % (27m) 2 |57 # [Zo| 2 exp {—

-exp {—%(90 ) (= 0)} do

1
./exp{%(ef)’zl(ef) - 5(090)/261(090)}619
n _k _1 1 _
= 2n) ST Do) 2 |Sepe|? exp {n-tr(Z71S)} -
Mgz Lgsoig Ly w1y
- exp —5.13 .13—5 0240 0+§ 9|x 9‘1_ 9‘1 .

[ am) 7 (S| exp{—5(6 — 00 S514(0 — O} a0

=1

= @m0 3o S|P exp (- tr(279)}
n 1 _ 1 —
- exp {55/2 Iz~ 50{)20 190 + 502}4’/’29&09@} ’
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where

99‘1 = E@m [25100 + szilf] ,

Sop =[S +nS7t]

)

ans S is the sample covariance matrix.

With the same procedure we derive the marginal likelihood m; («;1I, Fy, G) which is given by

m|3

m; (21 Fy, G)m; (211, Fy,G) = /(2) (2m) % 27T jaE o

1]
1 ro—1 1 /y—1
exp —§($J—€)Q (acj—H)—§(90—9) Yo (6g—0)pdo
B > st =) (R0

{_ (n—1)-tr(S7S_p) - 5902-9‘1%' - %9620190} '
-exp {— (n— I)I’(_j)Elj(_j)} )
{ 051 (Fo, G) S5 (Fo, G)] 05 (F, G)} ,

where

05) (F0.G) = ) (Fp,G)- [S5'00+(n— )Ty + Q7]
55 (F.G) =[S+ (m-nz o]
_ 1
L(—j) = n,lzxi’
i#£)

and S(_j) is the sample covariance matrix computed dropping observation j from the sample.
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