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Riassunto: In questo lavoro seguiamo un’impostazione semiparanaetr@l’ambito
della statistica Bayesiana per un modello AFT (Accelerataitlfe Time), che indivi-
dua una relazione log-lineare fra i tempi di sopravvivenzmevettore di covariate. La
componente d’errore nel modello viene considerata comerustara di densé parame-
triche con supporto sui reali positivi, con distribuzionésturante non parametrica, per
la quale proponiamo la legge del processo N-IG (Normalinegdrse-Gaussian), costrui-
ta a partire dalle leggi finito dimensionali gaussiane isggmodelloN-I1G mistura). In
particolare confrontiamo I'efficacia del modello propostin quella del corrispondente
modello costruito a partire dal processo di Dirichlet (mMxBPM).
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1. Extended Summary

Let T = (T3,...,T,) be the vector of the survival times of subjects, and lek; =
(xiq,...,7;,) be ap—vector of covariates. In the survival literature, the AFTdabis
usually meant as the multiplicative effect of the vectpon the failure timer;, i.e, T; =

e xFV, fori =1,...,n, where = (3,...,3,) is the vector of regression coefficients,
andV; denote the errors. We consider a nonparametric hieratcamicdure (NPHM)
model for the error/, i.e, fori =1,... n:

Vilo; M k(:0),  0IGE G, Gy, (1)
wherek(-|0;) is a parametric family of densities @", andq is the prior distribution of
the random distribution functio@'. In particular we assume théatis a Dirichlet process,
or a N-IG process.

The Dirichlet process is maybe the most studied non paranetor in Bayesian statis-
tics. One of the reasons of this popularity is its “relatighplicity. It has almost sure
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discrete realizations; this property, generally congdeas a drawback, is instead a de-
sirable feature when it is used as prior in NPHM modeling. NRKS process, recently
introduced in literature by Lijogt al. (2005), represents a valid alternative to the Dirichlet
process. Indeed, it preserves almost the same tractadnildyit has almost sure discrete
realizations. Moreover it has an interesting clusteringpprty that makes use, in a pre-
dictive sense, of all the information contained in the data.

The work mainly focuses on the performances of the two NPHMeby comparing
the Bayesian inference on the regression parameters ancettiietive distributions.

Our estimates are based on the predictive distributiotheelistribution of a new obser-
vationT,,, 1, with covariatesx,, 1, given the sampl&, with density that can be written
asf(tn-i-l‘T) = f f(tn+1|ﬂ7Q>Xn-i-l)dﬂ-(ﬂvQ‘T)‘ A Sample from the pOSteriO’l‘(-7 ‘T>

is obtained through MCMC simulations. In particular for thl £onditionalr(-|3, T),
concerning the posterior sample &f= (64,...,6,), we use a Blya urn Gibbs sam-
pler procedure, for both the N-1G and the Dirichlet prior mb(ee, Ishwaran and James,
2001, Neal, 2000). These sample schemes are based oﬁ)iyiath representation of the

predictive distribution ot 1 givend, written asP(0,,1; € -|0) = w; )Go( )+ (”)69*(.)

Wherew((, andw1 are suitable weights7(-) := E,(G(+)), andé;, . .. 6; denote the:
distinct observatlons withifl. In our models the random variabtenas a key role, indeed
it represents the number of components of the mixture maakdéustudy. A priori, the
N-1G leads to a less informative prior férthan the Dirichlet prior.

We test the two competing models on both simulated and real @ae Blya urn Gibbs
sampler scheme is particularly simplified when the “mearstriiution Go(-) and the
kernelk(-; -) are conjugate id. We implement both the conjugate model (Argieetal .,
2006), and the non conjugate model (Argiento, 2007).

Once the predictive estimates have been obtained, we neghgupredictive power of the
two proposed models. In the simulated data case, we corbigéistance in the uniform
metric between the predictive and the “target” distribatitn the real data set case we use
a cross validation method, quantifying in practice, how far the predictions iom the
data. From a predictive point of view, our experiments shoat there is not a substantial
difference between the DPM and the N-IG mixture model. Havethe N-IG process
prior seems to be more effective in the estimation of the remald components in the
mixture.
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