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Spatiotemporal point processes: regression, model
specifications and future directions

Dani Gamerman
UFRJ

Abstract. Point processes are one of the most commonly encountered ob-
servation processes in Spatial Statistics. Model-based inference for them de-
pends on the likelihood function. In the most standard setting of Poisson pro-
cesses, the likelihood depends on the intensity function, and can not be com-
puted analytically. A number of approximating techniques have been pro-
posed to handle this difficulty. In this paper, we review recent work on exact
solutions that solve this problem without resorting to approximations. The
presentation concentrates more heavily on discrete time but also considers
continuous time. The solutions are based on model specifications that impose
smoothness constraints on the intensity function. We also review approaches
to include a regression component and different ways to accommodate it
while accounting for additional heterogeneity. Applications are provided to
illustrate the results. Finally, we discuss possible extensions to account for
discontinuities and/or jumps in the intensity function.
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Keeping the balance—Bridge sampling for marginal
likelihood estimation in finite mixture, mixture of experts
and Markov mixture models

Sylvia Friihwirth-Schnatter

Vienna University of Economics and Business (WU), Austria

Abstract. Finite mixture models and their extensions to Markov mixture and
mixture of experts models are very popular in analysing data of various kind.
A challenge for these models is choosing the number of components based
on marginal likelihoods. The present paper suggests two innovative, generic
bridge sampling estimators of the marginal likelihood that are based on con-
structing balanced importance densities from the conditional densities arising
during Gibbs sampling. The full permutation bridge sampling estimator is de-
rived from considering all possible permutations of the mixture labels for a
subset of these densities. For the double random permutation bridge sampling
estimator, two levels of random permutations are applied, first to permute the
labels of the MCMC draws and second to randomly permute the labels of
the conditional densities arising during Gibbs sampling. Various applications
show very good performance of these estimators in comparison to importance
and to reciprocal importance sampling estimators derived from the same im-
portance densities.
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The limiting distribution of the Gibbs sampler for the
intrinsic conditional autoregressive model

Marco A. R. Ferreira
Virginia Tech

Abstract. We study the limiting behavior of the one-at-a-time Gibbs sam-
pler for the intrinsic conditional autoregressive model with centering on the
fly. The intrinsic conditional autoregressive model is widely used as a prior
for random effects in hierarchical models for spatial modeling. This model
is defined by full conditional distributions that imply an improper joint “den-
sity” with a multivariate Gaussian kernel and a singular precision matrix. To
guarantee propriety of the posterior distribution, usually at the end of each
iteration of the Gibbs sampler the random effects are centered to sum to zero
in what is widely known as centering on the fly. While this works well in
practice, this informal computational way to recenter the random effects ob-
scures their implied prior distribution and prevents the development of formal
Bayesian procedures. Here we show that the implied prior distribution, that
is, the limiting distribution of the one-at-a-time Gibbs sampler for the intrin-
sic conditional autoregressive model with centering on the fly is a singular
Gaussian distribution with a covariance matrix that is the Moore—Penrose
inverse of the precision matrix. This result has important implications for
the development of formal Bayesian procedures such as reference priors and
Bayes-factor-based model selection for spatial models.
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Abstract. Bayesian hypothesis testing is re-examined from the perspective
of an a priori assessment of the test statistic distribution under the alterna-
tive. By assessing the distribution of an observable test statistic, rather than
prior parameter values, we revisit the seminal paper of Edwards, Lindman
and Savage (Psychol. Rev. 70 (1963) 193-242). There are a number of impor-
tant take-aways from comparing the Bayesian paradigm via Bayes factors to
frequentist ones. We provide examples where evidence for a Bayesian strik-
ingly supports the null, but leads to rejection under a classical test. Finally,
we conclude with directions for future research.
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Abstract. Observation and parameter driven models are commonly used in
the literature to analyse time series of counts. In this paper, we study the
characteristics of a variety of models and point out the main differences and
similarities among these procedures, concerning parameter estimation, model
fitting and forecasting. Alternatively to the literature, all inference was per-
formed under the Bayesian paradigm. The models are fitted with a latent
AR(p) process in the mean, which accounts for autocorrelation in the data.
An extensive simulation study shows that the estimates for the covariate pa-
rameters are remarkably similar across the different models. However, esti-
mates for autoregressive coefficients and forecasts of future values depend
heavily on the underlying process which generates the data. A real data set of
bankruptcy in the United States is also analysed.
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Abstract. Educational assessment usually considers a contextual question-
naire to extract relevant information from the applicants. This may include
items related to socio-economical profile as well as items to extract other
characteristics potentially related to applicant’s performance in the test.
A careful analysis of the questionnaires jointly with the test’s results may ev-
idence important relations between profiles and test performance. The most
coherent way to perform this task in a statistical context is to use the infor-
mation from the questionnaire to help explain the variability of the abilities
in a joint model-based approach. Nevertheless, the responses to the question-
naire typically present missing values which, in some cases, may be missing
not at random. This paper proposes a statistical methodology to model the
abilities in dichotomous IRT models using the information of the contextual
questionnaires via linear regression. The proposed methodology models the
missing data jointly with the all the observed data, which allows for the esti-
mation of the former. The missing data modelling is flexible enough to allow
the specification of missing not at random structures. Furthermore, even if
those structures are not assumed a priori, they can be estimated from the
posterior results when assuming missing (completely) at random structures
a priori. Statistical inference is performed under the Bayesian paradigm via
an efficient MCMC algorithm. Simulated and real examples are presented to
investigate the efficiency and applicability of the proposed methodology.
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Abstract. Multivariate options are adequate tools for multi-asset risk man-
agement. The pricing models derived from the pioneer Black and Scholes
method under the multivariate case consider that the asset-object prices fol-
low a Brownian geometric motion. However, the construction of such meth-
ods imposes some unrealistic constraints on the process of fair option cal-
culation, such as constant volatility over the maturity time and linear cor-
relation between the assets. Therefore, this paper aims to price and ana-
lyze the fair price behavior of the call-on-max (bivariate) option consider-
ing marginal heteroscedastic models with dependence structure modeled via
copulas. Concerning inference, we adopt a Bayesian perspective and compu-
tationally intensive methods based on Monte Carlo simulations via Markov
Chain (MCMC). A simulation study examines the bias, and the root mean
squared errors of the posterior means for the parameters. Real stocks prices
of Brazilian banks illustrate the approach. For the proposed method is verified
the effects of strike and dependence structure on the fair price of the option.
The results show that the prices obtained by our heteroscedastic model ap-
proach and copulas differ substantially from the prices obtained by the model
derived from Black and Scholes. Empirical results are presented to argue the
advantages of our strategy.
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Abstract. The primary goal of this paper is to introduce the zero-modified
Poisson—-Lindley regression model as an alternative to model overdispersed
count data exhibiting inflation or deflation of zeros in the presence of co-
variates. The zero-modification is incorporated by considering that a zero-
truncated process produces positive observations and consequently, the pro-
posed model can be fitted without any previous information about the zero-
modification present in a given dataset. A fully Bayesian approach based on
the g-prior method has been considered for inference concerns. An inten-
sive Monte Carlo simulation study has been conducted to evaluate the per-
formance of the developed methodology and the maximum likelihood esti-
mators. The proposed model was considered for the analysis of a real dataset
on the number of bids received by 126 U.S. firms between 1978-1985, and
the impact of choosing different prior distributions for the regression coeffi-
cients has been studied. A sensitivity analysis to detect influential points has
been performed based on the Kullback—Leibler divergence. A general com-
parison with some well-known regression models for discrete data has been
presented.
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Subjective Bayesian testing using calibrated prior
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Abstract. This article proposes a calibration scheme for Bayesian testing
that coordinates analytically-derived statistical performance considerations
with expert opinion. In other words, the scheme is effective and meaning-
ful for incorporating objective elements into subjective Bayesian inference.
It explores a novel role for default priors as anchors for calibration rather
than substitutes for prior knowledge. Ideas are developed for use with mul-
tiplicity adjustments in multiple-model contexts, and to address the issue of
prior sensitivity of Bayes factors. Along the way, the performance proper-
ties of an existing multiplicity adjustment related to the Poisson distribution
are clarified theoretically. Connections of the overall calibration scheme to
the Schwarz criterion are also explored. The proposed framework is exam-
ined and illustrated on a number of existing data sets related to problems in
clinical trials, forensic pattern matching, and log-linear models methodology.
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Abstract. This paper focuses on Bayesian estimation of the parameters and
reliability function of the power Lindley distribution by using various sym-
metric and asymmetric loss functions. Assuming suitable priors on the param-
eters, Bayes estimates are derived by using squared error, linear exponential
(linex) and general entropy loss functions. Since, under these loss functions,
Bayes estimates of the parameters do not have closed forms we use lindley’s
approximation technique to calculate the Bayes estimates. Moreover, we ob-
tain the Bayes estimates of the parameters using a Markov Chain Monte Carlo
(MCMC) method. Simulation studies are conducted in order to evaluate the
performances of the proposed estimators under the considered loss functions.
Finally, analysis of a real data set is presented for illustrative purposes.
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