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On quasi Pélya thinning operator

Jean Peyhardi?
IMAG, University of Montpellier, CNRS, Montpellier, France, %jean.peyhardi@umontpellier.fr

Abstract. Thinning operation is a stochastic operation that shrinks a random
count variable into a smaller one. This kind of random operation has been
intensively studied during the seventies to characterize some count distribu-
tions, such as the Poisson distribution using the binomial thinning operator
(also named binomial damage model). Then, the closure under thinning op-
erator has been studied in order to define some classes of integer valued au-
toregressive (INAR) models for count time series. These two properties will
be studied in this paper for the new class of quasi Pélya thinning operators.
Classical results concerning the binomial thinning operator are recovered as a
special case. The quasi Pélya thinning operator is related to the new class of
quasi Pdlya splitting distributions, defined for multivariate count data. The
probabilistic graphical model (PGM) of these multivariate distributions is
characterized. Finally a general class of integer valued autoregressive models
is introduced, including the usual cases of Poisson marginal or generalized
Poisson as a special cases and the generalized negative binomial as a new
case.

References

Al-Osh, M. A. and Alzaid, A. A. (1991). Binomial autoregressive moving average models. Stochastic Models 7,
261-282. MR1107412 https://doi.org/10.1080/15326349108807188

Alzaid, A. A. and Al-Osh, M. A. (1993). Some autoregressive moving average processes with generalized
Poisson marginal distributions. Annals of the Institute of Statistical Mathematics 45, 223-232. MR1232490
https://doi.org/10.1007/BF00775809

Bol’shev, L. N. (1965). On a characterization of the Poisson distribution and its statistical applications. Theory of
Probability and Its Applications 10, 446—456.

Castafier, A., Claramunt, M. M., Lefévre, C. and Loisel, S. (2015). Discrete Schur-constant models. Journal of
Multivariate Analysis 140, 343-362. MR3372573 https://doi.org/10.1016/j.jmva.2015.06.003

Davis, R. A., Fokianos, K., Holan, S. H., Joe, H., Livsey, J., Lund, R., Pipiras, V. and Ravishanker, N. (2021).
Count time series: A methodological review. Journal of the American Statistical Association 116, 1533-1547.
MR4309291 https://doi.org/10.1080/01621459.2021.1904957

Gupta, R. C. (1974). Modified power series distribution and some of its applications. Sankhya Series B, 288-298.
MRO0391334

Jambunathan, M. V. (1954). Some properties of beta and gamma distributions. The Annals of Mathematical Statis-
tics, 401-405. MR0061317 https://doi.org/10.1214/aoms/1177728800

Janardan, K. G. (1973). A new four urn model with predetermined strategy. Technical report 37-1, Sangamon State
University, Springfield IL.

Janardan, K. G. (1975). Markov—Polya urn-model with pre-determined strategies. Gujarat Statistical Review 2,
17-32. MR0391217

Janardan, K. G. and Rao, R. B. (1982). Characterization of generalized Markov—Polya and generalized Polya—
Eggenberger distributions. Communications in Statistics—Theory and Methods 11, 2113-2124. MR0673456
https://doi.org/10.1080/03610928208828374

Janardan, K. G. and Rao, R. B. (1986). Identifiability of a generalized Mabkov—Polya damage model. Statistics
17, 303-310. MR0838720 https://doi.org/10.1080/02331888608801940

Joe, H. (1996). Time series models with univariate margins in the convolution-closed infinitely divisible class.
Journal of Applied Probability 33, 664-677. MR1401464 https://doi.org/10.2307/3215348

Key words and phrases. Quasi Polya distribution, binomial thinning operator, probabilistic graphical model.


https://imstat.org/journals-and-publications/brazilian-journal-of-probability-and-statistics/
https://doi.org/10.1214/23-BJPS585
mailto:jean.peyhardi@umontpellier.fr
https://mathscinet.ams.org/mathscinet-getitem?mr=1107412
https://doi.org/10.1080/15326349108807188
https://mathscinet.ams.org/mathscinet-getitem?mr=1232490
https://doi.org/10.1007/BF00775809
https://mathscinet.ams.org/mathscinet-getitem?mr=3372573
https://doi.org/10.1016/j.jmva.2015.06.003
https://mathscinet.ams.org/mathscinet-getitem?mr=4309291
https://doi.org/10.1080/01621459.2021.1904957
https://mathscinet.ams.org/mathscinet-getitem?mr=0391334
https://mathscinet.ams.org/mathscinet-getitem?mr=0061317
https://doi.org/10.1214/aoms/1177728800
https://mathscinet.ams.org/mathscinet-getitem?mr=0391217
https://mathscinet.ams.org/mathscinet-getitem?mr=0673456
https://doi.org/10.1080/03610928208828374
https://mathscinet.ams.org/mathscinet-getitem?mr=0838720
https://doi.org/10.1080/02331888608801940
https://mathscinet.ams.org/mathscinet-getitem?mr=1401464
https://doi.org/10.2307/3215348

Jones, M. C. and Marchand, E. (2019). Multivariate discrete distributions via sums and shares. Journal of Multi-
variate Analysis 171, 83-93. MR3886395 https://doi.org/10.1016/j.jmva.2018.11.011

Jorgensen, B. (1997). The Theory of Dispersion Models. Boca Raton: CRC Press. MR1462891

Jourdan, A. and Kokonendji, C. C. (2002). Surdispersion et modele binomial négatif généralisé. Revue de Statis-
tique Appliquée 50, 73-86.

Koller, D. and Friedman, N. (2009). Probabilistic Graphical Models: Principles and Techniques. Cambridge:
MIT press. MR2778120

Lauritzen, S. L. (1996). Graphical Models, Vol. 17. Oxford: Clarendon Press. MR1419991

Lukacs, E. (1955). A characterization of the gamma distribution. The Annals of Mathematical Statistics 26, 319—
324. MR0069408 https://doi.org/10.1214/aoms/1177728549

McKenzie, E. (1985). Some simple models for discrete variate time series 1. Journal of the American Water
Resources Association 21, 645-650. MR1973555 https://doi.org/10.1016/S0169-7161(03)21018-X

Moran, P. A. P. (1952). A characteristic property of the Poisson distribution. In Mathematical Proceedings of
the Cambridge Philosophical Society, Vol. 48 206-207. Cambridge: Cambridge University Press. MR0045968
https://doi.org/10.1017/s0305004100027535

Ovaskainen, O. and Abrego, N. (2020). Joint Species Distribution Modelling: With Applications in R. Cambridge:
Cambridge University Press.

Patil, G. P. and Ratnaparkhi, M. V. (1975). Problems of damaged random variables and related characterizations.
In A Modern Course on Statistical Distributions in Scientific Work 255-270. Berlin: Springer.

Peyhardi, J. (2023). Supplement to “On quasi Pélya thinning operator.” https://doi.org/10.1214/23-BJPS585SUPP

Peyhardi, J. and Fernique, P. (2017). Characterization of convolution splitting graphical models. Statistics &
Probability Letters 126, 59—64. MR3634580 https://doi.org/10.1016/j.spl.2017.02.018

Peyhardi, J., Fernique, P. and Durand, J.-B. (2021). Splitting models for multivariate count data. Journal of Mul-
tivariate Analysis 181, 104677. MR4161849 https://doi.org/10.1016/j.jmva.2020.104677

Peyhardi, J., Laroche, F. and Mortier, F. (2022). P6lya-splitting distributions as stationary solutions of multivariate
birth-death processes under extended neutral theory. Available at SSRN 4412745.

Puig, P. and Valero, J. (2007). Characterization of count data distributions involving additivity and binomial sub-
sampling. Bernoulli, 544-555. MR2331263 https://doi.org/10.3150/07-BEJ6021

Rao, B. R. and Janardan, K. G. (1984). The use of the generalized Markov—Polya distribution as a random damage
model and its identifiability. Sankhya Series A, 458-462. MR0798051

Rao, C. R. (1949). On some problems arising out of discrimination with multiple characters. Sankhya The Indian
Journal of Statistics, 343-366. MR0033501

Rao, C. R. (1965). On discrete distributions arising out of methods of ascertainment. Sankhya Series A, 311-324.
MRO0208736

Rao, C. R. and Rubin, H. (1964). On a characterization of the Poisson distribution. Sankhya Series A, 295-298.
MRO0184320

Scotto, M. G., Weil3, C. H. and Gouveia, S. (2015). Thinning-based models in the analysis of integer-valued time
series: A review. Statistical Modelling 15, 590-618. MR3441230 https://doi.org/10.1177/1471082X15584701

Shanbhag, D. N. and Panaretos, J. (1979). Some results related to the Rao—Rubin characterization of the Pois-
son distribution. Australian Journal of Statistics 21, 78-83. MR0531070 https://doi.org/10.1111/j.1467-842x.
1979.tb01122.x

Sprott, D. A. (1965). A class of contagious distributions and maximum likelihood estimation. Sankhya Series A,
369-382. MR0212934

Steutel, F. W., Kent, J. T., Bondesson, L. and Barndorff-Nielsen, O. (1979). Infinite divisibility in theory and
practice [with discussion and reply]. Scandinavian Journal of Statistics, 57-64.

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

Tang, Z.-Z. and Chen, G. (2019). Zero-inflated generalized Dirichlet multinomial regression model for
microbiome compositional data analysis. Biostatistics 20, 698—713. MR4019726 https://doi.org/10.1093/
biostatistics/kxy025

Teicher, H. (1954). On the convolution of distributions. The Annals of Mathematical Statistics, 775-778.
MRO0065052 https://doi.org/10.1214/a0ms/1177728664

Wang, T. and Zhao, H. (2017). A Dirichlet-tree multinomial regression model for associating dietary nutrients
with gut microorganisms. Biometrics 73, 792-801. MR3713113 https://doi.org/10.1111/biom.12654

Weil3, C. H. (2008). Thinning operations for modeling time series of counts—a survey. AStA Advances in Statis-
tical Analysis 92, 319-341. MR2426093 https://doi.org/10.1007/s10182-008-0072-3

Xekalaki, E. (1986). The multivariate generalized Waring distribution. Communications in Statistics—Theory and
Methods 15, 1047-1064. MR0832095 https://doi.org/10.1080/03610928608829168


https://mathscinet.ams.org/mathscinet-getitem?mr=3886395
https://doi.org/10.1016/j.jmva.2018.11.011
https://mathscinet.ams.org/mathscinet-getitem?mr=1462891
https://mathscinet.ams.org/mathscinet-getitem?mr=2778120
https://mathscinet.ams.org/mathscinet-getitem?mr=1419991
https://mathscinet.ams.org/mathscinet-getitem?mr=0069408
https://doi.org/10.1214/aoms/1177728549
https://mathscinet.ams.org/mathscinet-getitem?mr=1973555
https://doi.org/10.1016/S0169-7161(03)21018-X
https://mathscinet.ams.org/mathscinet-getitem?mr=0045968
https://doi.org/10.1017/s0305004100027535
https://doi.org/10.1214/23-BJPS585SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=3634580
https://doi.org/10.1016/j.spl.2017.02.018
https://mathscinet.ams.org/mathscinet-getitem?mr=4161849
https://doi.org/10.1016/j.jmva.2020.104677
https://mathscinet.ams.org/mathscinet-getitem?mr=2331263
https://doi.org/10.3150/07-BEJ6021
https://mathscinet.ams.org/mathscinet-getitem?mr=0798051
https://mathscinet.ams.org/mathscinet-getitem?mr=0033501
https://mathscinet.ams.org/mathscinet-getitem?mr=0208736
https://mathscinet.ams.org/mathscinet-getitem?mr=0184320
https://mathscinet.ams.org/mathscinet-getitem?mr=3441230
https://doi.org/10.1177/1471082X15584701
https://mathscinet.ams.org/mathscinet-getitem?mr=0531070
https://doi.org/10.1111/j.1467-842x.1979.tb01122.x
https://mathscinet.ams.org/mathscinet-getitem?mr=0212934
https://mathscinet.ams.org/mathscinet-getitem?mr=0542141
https://mathscinet.ams.org/mathscinet-getitem?mr=4019726
https://doi.org/10.1093/biostatistics/kxy025
https://mathscinet.ams.org/mathscinet-getitem?mr=0065052
https://doi.org/10.1214/aoms/1177728664
https://mathscinet.ams.org/mathscinet-getitem?mr=3713113
https://doi.org/10.1111/biom.12654
https://mathscinet.ams.org/mathscinet-getitem?mr=2426093
https://doi.org/10.1007/s10182-008-0072-3
https://mathscinet.ams.org/mathscinet-getitem?mr=0832095
https://doi.org/10.1080/03610928608829168
https://doi.org/10.1111/j.1467-842x.1979.tb01122.x
https://doi.org/10.1093/biostatistics/kxy025

Brazilian Journal of Probability and Statistics
2023, Vol. 37, No. 4, 667-692
https://doi.org/10.1214/23-BJPS586

© Brazilian Statistical Association, 2023

Two-stage Walsh-average-based robust estimation and variable
selection for partially linear additive spatial autoregressive models

Zitong Li and Yunquan Song*
College of Science, China University of Petroleum, Qingdao 266580, P.R. China, statistics99@ 163.com

Abstract. In this paper, we consider the estimation and variable selec-
tion problem for partially linear additive spatial autoregressive models
(PLASARM). We propose a robust estimation of two-stage Walsh-average
regression (2SWAR) based on Walsh-average regression and instrumental
variable method. Under some mild conditions, we obtain and theoretically
prove the asymptotic normality of finite parameter vectors and the conver-
gence rate of the nonparametric part. In addition, We also propose a robust
variable selection method and further demonstrate its ability to consistently
identify real models. We further carry out Monte Carlo simulation and real
data analysis, both of which yield promising numerical results.
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Abstract. Experiments with repeated measures are the ones where more than
one observation per subject is available. To model of such experiments, de-
pendency within subjects needs to be taken into consideration. In cases where
the variable of interest is bounded in (a, b) with a < b known reals, there
are few proposals to model correlated bounded data most part being based on
Beta, Simplex and Unit gamma distributions. In particular, for marginal mod-
eling of the mean and precision/dispersion, Simplex and Beta models based
on Generalized Estimating Equations (GEE) are used. In this paper, to take
account of possible within-subject dependence using the GEE approach, we
proposed an Unit Gamma regression model used to modeling bounded data
in a unit interval. In this paper, we developed residuals and influence diag-
nostic tools to the Simplex and Unit Gamma models for correlated bounded
data. Furthermore, To assess the finite-sample performance of the proposed
estimators, we conducted a Monte Carlo simulation study. The methodology
is illustrated with the analysis of a real data set. An R package was developed
for all the new methodology described in this paper.
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Divide-and-conquer Metropolis—Hastings samplers with matched
samples
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Abstract. Divide-and-conquer methods for scalable Bayesian inference di-
vide the massive data into subsets, sample from the subset posterior distri-
butions, and then combine the results. We develop an asymptotically exact
recombination method by matched samples. Subset posterior densities cal-
culated by the Metropolis—Hastings samplers are recycled for evaluating the
importance weight to reduce the computational burden. Our computation-
ally efficient aggregation algorithm features a collection of consistent esti-
mators of expectations with respect to the full posterior distribution. Weight
degeneracy of the importance sampling is resolved by the matched-sample
resample-move method, which handles heterogeneous and non-overlapping
subposteriors. Numeric examples and real-world mortgage data applications
demonstrate excellent performance of the novel approach.
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Abstract. This paper is concerned with sparse spatial panel data models un-
der fixed effects and increasing dimensions of covariates. We develop a non-
concave selection approach for spatial effects recognition and covariates se-
lection of the models. Theoretical results show that the proposed method has
the oracle property in the sense that the estimators have consistency, sparsity
and asymptotic normality under suitable conditions. Furthermore, we present
an coordinate descent algorithm to deal with the nonlinearity that arises in
the optimization procedure. Numerical experiments show that the recognition
and selection procedure can be used to select important covariates, identify
spatial effects and estimate unknown parameters simultaneously. At the same
time, the benefits of the proposed method is assessed by comparing different
analyses of real spatial penal data.
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Multivariate zero-inflated Bell-Touchard distribution for
multivariate counts: An application to COVID-related data
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Abstract. Multivariate count data with an excessive number of zeros oc-
cur commonly in practice. To deal with this kind of data, we introduce
a simple and tractable parametric multivariate zero-inflated distribution,
which corresponds to a multivariate extension of the univariate zero-inflated
Bell-Touchard distribution. Various distributional properties are derived and,
in particular, the marginal distributions are univariate zero-inflated Bell—-
Touchard distributions. The unknown parameters of the proposed multivariate
zero-inflated distribution are estimated using the maximum likelihood estima-
tion procedure. An empirical application that employs COVID-related real
data is provided to illustrate the new multivariate zero-inflated distribution in
practice, and comparison with some multivariate zero-inflated distributions is
made.
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