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Recent developments in complex and
spatially correlated functional data

Israel Martinez-Hernandez and Marc G. Genton
King Abdullah University of Science and Technology

Abstract. As high-dimensional and high-frequency data are being collected
on a large scale, the development of new statistical models is being pushed
forward. Functional data analysis provides the required statistical methods to
deal with large-scale and complex data by assuming that data are continuous
functions, for example, realizations of a continuous process (curves) or con-
tinuous random field (surfaces), and that each curve or surface is considered
as a single observation. Here, we provide an overview of functional data anal-
ysis when data are complex and spatially correlated. We provide definitions
and estimators of the first and second moments of the corresponding func-
tional random variable. We present two main approaches: The first assumes
that data are realizations of a functional random field, that is, each observa-
tion is a curve with a spatial component. We call them spatial functional data.
The second approach assumes that data are continuous deterministic fields
observed over time. In this case, one observation is a surface or manifold,
and we call them surface time series. For these two approaches, we describe
software available for the statistical analysis. We also present a data illustra-
tion, using a high-resolution wind speed simulated dataset, as an example of
the two approaches. The functional data approach offers a new paradigm of
data analysis, where the continuous processes or random fields are consid-
ered as a single entity. We consider this approach to be very valuable in the
context of big data.
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Agnostic tests can control the type I and type II errors
simultaneously

Victor Coscrato, Rafael I1zbicki and Rafael B. Stern
Federal University of Sdo Carlos

Abstract. Despite its common practice, statistical hypothesis testing presents
challenges in interpretation. For instance, in the standard frequentist frame-
work there is no control of the type II error. As a result, the non-rejection of
the null hypothesis (Hp) cannot reasonably be interpreted as its acceptance.
We propose that this dilemma can be overcome by using agnostic hypothesis
tests, since they can control the type I and II errors simultaneously. In order
to make this idea operational, we show how to obtain agnostic hypothesis
in typical models. For instance, we show how to build (unbiased) uniformly
most powerful agnostic tests and how to obtain agnostic tests from standard
p-values. Also, we present conditions such that the above tests can be made
logically coherent. Finally, we present examples of consistent agnostic hy-
pothesis tests.
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Random environment binomial thinning integer-valued
autoregressive process with Poisson or geometric marginal
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Abstract. To predict time series of counts with small values and remarkable
fluctuations, an available model is the r states random environment process
based on the negative binomial thinning operator and the geometric marginal.
However, we argue that the aforementioned model may suffer from the fol-
lowing two drawbacks. First, under the condition of no prior information,
the overdispersed property of the geometric distribution may cause the pre-
dictions fluctuate greatly. Second, because of the constraints on the model
parameters, some estimated parameters are close to zero in real-data exam-
ples, which may not objectively reveal the correlation relationship. For the
first drawback, an r states random environment process based on the bi-
nomial thinning operator and the Poisson marginal is introduced. For the
second drawback, we propose a generalized r states random environment
integer-valued autoregressive model based on the binomial thinning oper-
ator to model fluctuations of data. Yule-Walker and conditional maximum
likelihood estimates are considered and their performances are assessed via
simulation studies. Two real-data sets are conducted to illustrate the better
performances of the proposed models compared with some existing models.

References

Al-Osh, M. A. and Alzaid, A. A. (1987). First order integer-valued autoregressive (INAR(1)) processes. Journal
of Time Series Analysis 8, 261-275. MR0903755

Anderson, T. W. and Goodman, L. A. (1957). Statistical inference about Markov chains. The Annals of Mathe-
matical Statistics 28, 89—110. MR0084903

Barczy, M., Ispany, M. and Pap, G. (2011). Asymptotic behavior of unstable INAR(p) processes. Stochastic
Processes and Their Applications 121, 583-608. MR2763097

Bu, R., McCabe, B. P. M. and Hadri, K. (2008). Maximum likelihood estimation of higher-order integer-valued
autoregressive processes. Journal of Time Series Analysis 29, 973-994. MR2464949

Drost, F. C., van den Akker, R. and Werker, B. J. M. (2008). Local asymptotic normality and efficient estimation
for INAR(p) models. Journal of Time Series Analysis 29, 783-801. MR2450896

Drost, F. C., van den Akker, R. and Werker, B. J. M. (2009). Efficient estimation of auto-regression parameters
and innovation distributions for semiparametric integer-valued AR(p) models. Journal of the Royal Statistical
Society, Series B, Statistical Methodology 71, 467-485. MR2649605

Jazi, M. A., Jones, G. and Lai, C. D. (2012). First-order integer valued AR processes with zero inflated Poisson
innovations. Journal of Time Series Analysis 33, 954-963. MR2991911

Joe, H. (1996). Time series models with univariate margins in the convolution-closed infinitely divisible class.
Journal of Applied Probability 33, 664—677. MR1401464

Laketa, P. N., Nasti¢, A. S. and Risti¢, M. M. (2018). Generalized random environment INAR models of higher
order. Mediterranean Journal of Mathematics 15. MR3740339 https://doi.org/10.1007/s00009-017-1054-z

Latour, A. (1998). Existence and stochastic structure of a non-negative integer-valued autoregressive processes.
Journal of Time Series Analysis 4, 439-455. MR1652193

Li, H., Yang, K., Zhao, S. and Wang, D. (2018). First-order random coefficients integer-valued threshold autore-
gressive processes. AStA Advances in Statistical Analysis 102, 305-331. MR3829551

McCabe, B. P. M., Martin, G. M. and Harris, D. (2011). Efficient probabilistic forecasts for counts. Journal of the
Royal Statistical Society, Series B, Statistical Methodology 73, 253-272. MR2814495

Key words and phrases. Binomial thinning, INAR, random environment, time series of counts.


http://imstat.org/bjps/
https://doi.org/10.1214/18-BJPS421
http://www.redeabe.org.br/
http://www.ams.org/mathscinet-getitem?mr=0903755
http://www.ams.org/mathscinet-getitem?mr=0084903
http://www.ams.org/mathscinet-getitem?mr=2763097
http://www.ams.org/mathscinet-getitem?mr=2464949
http://www.ams.org/mathscinet-getitem?mr=2450896
http://www.ams.org/mathscinet-getitem?mr=2649605
http://www.ams.org/mathscinet-getitem?mr=2991911
http://www.ams.org/mathscinet-getitem?mr=1401464
http://www.ams.org/mathscinet-getitem?mr=3740339
https://doi.org/10.1007/s00009-017-1054-z
http://www.ams.org/mathscinet-getitem?mr=1652193
http://www.ams.org/mathscinet-getitem?mr=3829551
http://www.ams.org/mathscinet-getitem?mr=2814495

McKenzie, E. (1986). Autoregressive moving-average processes with negative binomial and geometric distribu-
tions. Advances in Applied Probability 18, 679-705. MR0857325

Nasti¢, A. S., Laketa, P. N. and Risti¢, M. M. (2016). Random environment integer-valued autoregressive process.
Journal of Time Series Analysis 37, 267-287. MR3511585

Nasti¢, A. S., Laketa, P. N. and Risti¢, M. M. (2018). Random environment INAR models of higher order. REVS-
TAT Statistical Journal. To appear.

Pedeli, X., Davison, A. C. and Fokianos, K. (2015). Likelihood estimation for the INAR(p) model by saddlepoint
approximation. Journal of the American Statistical Association 110, 1229-1238. MR3420697

Qi, X., Li, Q. and Zhu, E. (2019). Modeling time series of count with excess zeros and ones based on INAR(1)
model with zero-and-one inflated Poisson innovations. Journal of Computational and Applied Mathematics
346, 572-590. MR3864182 https://doi.org/10.1016/j.cam.2018.07.043

Steutel, F. W. and van Harn, K. (1979). Discrete analogues of self-decomposability and stability. Annals of Prob-
ability 7, 893-899. MR0542141

Tang, M. and Wang, Y. (2014). Asymptotic behavior of random coefficient INAR model under random environ-
ment defined by difference equation. Advances in Difference Equations 2014, 99.

Weil3, C. H. (2018). An Introduction to Discrete-Valued Time Series. Chichester: John Wiley & Sons.

Zheng, H., Basawa, 1. V. and Datta, S. (2006). Inference for pth-order random coefficient integer-valued autore-
gressive processes. Journal of Time Series Analysis 27, 411-440. MR2328539


http://www.ams.org/mathscinet-getitem?mr=0857325
http://www.ams.org/mathscinet-getitem?mr=3511585
http://www.ams.org/mathscinet-getitem?mr=3420697
http://www.ams.org/mathscinet-getitem?mr=3864182
https://doi.org/10.1016/j.cam.2018.07.043
http://www.ams.org/mathscinet-getitem?mr=0542141
http://www.ams.org/mathscinet-getitem?mr=2328539

Brazilian Journal of Probability and Statistics
2020, Vol. 34, No. 2, 273-290
https://doi.org/10.1214/19-BJPS429

© Brazilian Statistical Association, 2020

Symmetrical and asymmetrical mixture autoregressive processes

Mohsen Maleki?, Arezo Hajrajabi® and Reinaldo B. Arellano-Valle

aShiraz University
b Imam Khomeini International University
€ Universidad Catdlica de Chile

Abstract. In this paper, we study the finite mixtures of autoregressive pro-
cesses assuming that the distribution of innovations (errors) belongs to the
class of scale mixture of skew-normal (SMSN) distributions. The SMSN dis-
tributions allow a simultaneous modeling of the existence of outliers, heavy
tails and asymmetries in the distribution of innovations. Therefore, a sta-
tistical methodology based on the SMSN family allows us to use a robust
modeling on some non-linear time series with great flexibility, to accommo-
date skewness, heavy tails and heterogeneity simultaneously. The existence
of convenient hierarchical representations of the SMSN distributions facili-
tates also the implementation of an ECME-type of algorithm to perform the
likelihood inference in the considered model. Simulation studies and the ap-
plication to a real data set are finally presented to illustrate the usefulness of
the proposed model.
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Abstract. In adaptive crossover design, our goal is to allocate more patients
to a promising treatment sequence. The present work contains a very simple
three period crossover design for two competing treatments where the allo-
cation in period 3 is done on the basis of the data obtained from the first
two periods. Assuming normality of response variables we use a reliability
functional for the choice between two treatments. We calculate the allocation
proportions and their standard errors corresponding to the possible treatment
combinations. We also derive some asymptotic results and provide solutions
on related inferential problems. Moreover, the proposed procedure is com-
pared with a possible competitor. Finally, we use a data set to illustrate the
applicability of the proposed design.
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Bayesian modeling and prior sensitivity analysis
for zero—one augmented beta regression models
with an application to psychometric data
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Abstract. The interest on the analysis of the zero—one augmented beta re-
gression (ZOABR) model has been increasing over the last few years. In this
work, we developed a Bayesian inference for the ZOABR model, providing
some contributions, namely: we explored the use of Jeffreys-rule and inde-
pendence Jeffreys prior for some of the parameters, performing a sensitivity
study of prior choice, comparing the Bayesian estimates with the maximum
likelihood ones and measuring the accuracy of the estimates under several
scenarios of interest. The results indicate, in a general way, that: the Bayesian
approach, under the Jeffreys-rule prior, was as accurate as the ML one. Also,
different from other approaches, we use the predictive distribution of the re-
sponse to implement Bayesian residuals. To further illustrate the advantages
of our approach, we conduct an analysis of a real psychometric data set in-
cluding a Bayesian residual analysis, where it is shown that misleading infer-
ence can be obtained when the data is transformed. That is, when the zeros
and ones are transformed to suitable values and the usual beta regression
model is considered, instead of the ZOABR model. Finally, future develop-
ments are discussed.
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A Bayesian sparse finite mixture model for clustering data from a
heterogeneous population
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Abstract. In this paper, we introduce a Bayesian approach for clustering data
using a sparse finite mixture model (SFMM). The SFMM is a finite mixture
model with a large number of components k previously fixed where many
components can be empty. In this model, the number of components k can be
interpreted as the maximum number of distinct mixture components. Then,
we explore the use of a prior distribution for the weights of the mixture
model that take into account the possibility that the number of clusters k¢
(e.g., nonempty components) can be random and smaller than the number of
components k of the finite mixture model. In order to determine clusters we
develop a MCMC algorithm denominated Split-Merge allocation sampler. In
this algorithm, the split-merge strategy is data-driven and was inserted within
the algorithm in order to increase the mixing of the Markov chain in relation
to the number of clusters. The performance of the method is verified using
simulated datasets and three real datasets. The first real data set is the bench-
mark galaxy data, while second and third are the publicly available data set
on Enzyme and Acidity, respectively.
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Reliability estimation in a multicomponent stress-strength model for
Burr XII distribution under progressive censoring

Raj Kamal Maurya? and Yogesh Mani Tripathi®
8Indian Institute of Technology Patna

Abstract. We consider estimation of the multicomponent stress-strength re-
liability under progressive Type II censoring under the assumption that stress
and strength variables follow Burr XII distributions with a common shape pa-
rameter. Maximum likelihood estimates of the reliability are obtained along
with asymptotic intervals when common shape parameter may be known or
unknown. Bayes estimates are also derived under the squared error loss func-
tion using different approximation methods. Further, we obtain exact Bayes
and uniformly minimum variance unbiased estimates of the reliability for the
case common shape parameter is known. The highest posterior density in-
tervals are also obtained. We perform Monte Carlo simulations to compare
the performance of proposed estimates and present a discussion based on this
study. Finally, two real data sets are analyzed for illustration purposes.
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Abstract. This paper studies the measure of symmetry or asymmetry of a
continuous variable under the multiplicative distortion measurement errors
setting. The unobservable variable is distorted in a multiplicative fashion by
an observed confounding variable. First, two direct plug-in estimation proce-
dures are proposed, and the empirical likelihood based confidence intervals
are constructed to measure the symmetry or asymmetry of the unobserved
variable. Next, we propose four test statistics for testing whether the unob-
served variable is symmetric or not. The asymptotic properties of the pro-
posed estimators and test statistics are examined. We conduct Monte Carlo
simulation experiments to examine the performance of the proposed estima-
tors and test statistics. These methods are applied to analyze a real dataset for
an illustration.
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Abstract. In this paper we propose a new, simple and explicit mechanism
allowing to derive Stein operators for random variables whose characteris-
tic function satisfies a simple ODE. We apply this to study random variables
which can be represented as linear combinations of (not necessarily indepen-
dent) gamma distributed random variables. The connection with Malliavin
calculus for random variables in the second Wiener chaos is detailed. An ap-
plication to McKay Type I random variables is also outlined.
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Oriented first passage percolation in the mean field limit

Nicola Kistler, Adrien Schertzer and Marius A. Schmidt

Goethe-Universitdt

Abstract. The Poisson clumping heuristic has lead Aldous to conjecture the
value of the oriented first passage percolation on the hypercube in the limit
of large dimensions. Aldous’ conjecture has been rigorously confirmed by
Fill and Pemantle (Ann. Appl. Probab. 3 (1993) 593-629) by means of a
variance reduction trick. We present here a streamlined and, we believe, more
natural proof based on ideas emerged in the study of Derrida’s random energy
models.
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Branching random walks with uncountably many
extinction probability vectors
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Abstract. Given a branching random walk on a set X, we study its extinc-
tion probability vectors q(-, A). Their components are the probability that the
process goes extinct in a fixed A € X, when starting from a vertex x € X.
The set of extinction probability vectors (obtained letting A vary among all
subsets of X) is a subset of the set of the fixed points of the generating func-
tion of the branching random walk. In particular here we are interested in
the cardinality of the set of extinction probability vectors. We prove results
which allow to understand whether the probability of extinction in a set A is
different from the one of extinction in another set B. In many cases there are
only two possible extinction probability vectors and so far, in more compli-
cated examples, only a finite number of distinct extinction probability vectors
had been explicitly found. Whether a branching random walk could have an
infinite number of distinct extinction probability vectors was not known. We
apply our results to construct examples of branching random walks with un-
countably many distinct extinction probability vectors.
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