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Probabilistic models for the (sub)tree(s) of life

Amaury Lambert
UPMC Univ Paris 06

Abstract. The goal of these lectures is to review some mathematical aspects
of random tree models used in evolutionary biology to model species trees.

We start with stochastic models of tree shapes (finite trees without edge
lengths), culminating in the β-family of Aldous’ branching models.

We next introduce real trees (trees as metric spaces) and show how to
study them through their contour, provided they are properly measured and
ordered.

We then focus on the reduced tree, or coalescent tree, which is the tree
spanned by species alive at the same fixed time. We show how reduced trees,
like any compact ultrametric space, can be represented in a simple way via
the so-called comb metric. Beautiful examples of random combs include the
Kingman coalescent and coalescent point processes.

We end up displaying some recent biological applications of coalescent
point processes to the inference of species diversification, to conservation
biology and to epidemiology.
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Finite-size corrections to the speed of a
branching-selection process

Francis Comets and Aser Cortines
Université Paris Diderot—Paris 7

Abstract. We consider a particle system studied by E. Brunet and B. Derrida
(Phys. Rev. E 70 (2004) 016106), which evolves according to a branching
mechanism with selection of the fittest keeping the population size fixed and
equal to N . The particles remain grouped and move like a travelling front
driven by a random noise with a deterministic speed. Because of its mean-
field structure, the model can be further analysed as N → ∞. We focus on
the case where the noise lies in the max-domain of attraction of the Weibull
extreme value distribution and show that under mild conditions the correction
to the speed has universal features depending on the tail probabilities.
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Statistical inference for the parameter of Lindley
distribution based on fuzzy data

Abbas Pak
Shahrekord University

Abstract. In many practical situations, we face data which are not only ran-
dom but vague as well. To deal with these two types of uncertainties, it is
necessary to incorporate fuzzy concept into statistical technique. In this paper,
we investigate the maximum likelihood estimation and Bayesian estimation
for Lindley distribution when the available observations are reported in the
form of fuzzy data. We employ the EM algorithm to determine the maximum
likelihood estimate (MLE) of the parameter and construct approximate confi-
dence interval by using the asymptotic normality of the MLE. In the Bayesian
setting, we use an approximation based on the Laplace approximation as well
as a Markov Chain Monte Carlo technique to compute the Bayes estimate of
the parameter. In addition, the highest posterior density credible interval of
the unknown parameter is obtained. Extensive simulations are performed to
compare the performances of the different proposed methods.
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Abstract. We define and study a new generalization of the complementary
Weibull geometric distribution introduced by Tojeiro et al. (J. Stat. Comput.
Simul. 84 (2014) 1345–1362). The new lifetime model is referred to as the
Kumaraswamy complementary Weibull geometric distribution and includes
twenty three special models. Its hazard rate function can be constant, in-
creasing, decreasing, bathtub and unimodal shaped. Some of its mathematical
properties, including explicit expressions for the ordinary and incomplete mo-
ments, generating and quantile functions, Rényi entropy, mean residual life
and mean inactivity time are derived. The method of maximum likelihood
is used for estimating the model parameters. We provide some simulation
results to assess the performance of the proposed model. Two applications
to real data sets show the flexibility of the new model compared with some
nested and non-nested models.
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Bias correction in power series generalized nonlinear models
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Abstract. Power series generalized nonlinear models [Comput. Statist. Data
Anal. 53 (2009) 1155–1166] can be used when the Poisson assumption of
equidispersion is not valid. In these models, we consider a more general fam-
ily of discrete distributions for the response variable and a nonlinear structure
for the regression parameters, although the dispersion parameter and other
shape parameters are assumed known. We derive a general matrix formula
for the second-order bias of the maximum likelihood estimate of the regres-
sion parameter vector in these models. We use the results by [J. Roy. Statist.
Soc. B 30 (1968) 248–275] and bootstrap technique [Ann. Statist. 7 (1979)
1–26] to obtain the bias-corrected maximum likelihood estimate. Simulation
studies are performed using different estimates. We also present an empirical
application.

References

Botter, D. A. and Cordeiro, G. M. (1998). Improved estimators for generalized linear models
with dispersion covariates. Journal of Statistical Computation and Simulation 62, 91–104.
MR1682556

Cameron, A. C. and Trivedi, P. K. (1998). Regression Analysis of Count Data, 434 p. New York:
Cambridge University Press. MR1648274

Consul, P. C. (1990). New class of location-parameter discrete probability distributions and
their characterizations. Communications in Statistics, Theory and Methods 19, 4653–4666.
MR1114865

Cook, D. R., Tsai, C. L. and Wei, B. C. (1986). Bias in nonlinear regression. Biometrika 73, 615–623.
MR0897853

Cordeiro, G. M., Andrade, M. G. and De Castro, M. (2009). Power series generalized nonlinear
models. Computational Statistics and Data Analysis 53, 1155–1166. MR2657079

Cordeiro, G. M., Ferrari, S. L. P., Uribe-Opazo, M. A. and Vasconcellos, K. L. P. (2000). Corrected
maximum-likelihood estimation in a class of symmetric nonlinear regression models. Statistics
and Probability Letters 46, 317–328. MR1743990

Cordeiro, G. M. and McCullagh, P. (1991). Bias correction in generalized linear models. Journal of
the Royal Statistical Society B 53, 629–643. MR1125720

Cordeiro, G. M. and Paula, G. A. (1989). Improved likelihood ratio statistics for exponential family
nonlinear models. Biometrika 76, 93–100. MR0991426

Cordeiro, G. M. and Vasconcellos, K. L. P. (1997). Bias correction for a class of multivariate nonlin-
ear regression models. Statistics and Probability Letters 35, 155–164. MR1483269

Cox, D. R. and Hinkley, D. V. (1974). Theoretical Statistics. London: Chapman and Hall.
MR0370837

Key words and phrases. Bias correction, discrete distribution, maximum likelihood, scoring
method, nonlinear model.

http://imstat.org/bjps/
http://dx.doi.org/10.1214/16-BJPS323
http://www.redeabe.org.br/
http://www.ams.org/mathscinet-getitem?mr=1682556
http://www.ams.org/mathscinet-getitem?mr=1648274
http://www.ams.org/mathscinet-getitem?mr=1114865
http://www.ams.org/mathscinet-getitem?mr=0897853
http://www.ams.org/mathscinet-getitem?mr=2657079
http://www.ams.org/mathscinet-getitem?mr=1743990
http://www.ams.org/mathscinet-getitem?mr=1125720
http://www.ams.org/mathscinet-getitem?mr=0991426
http://www.ams.org/mathscinet-getitem?mr=1483269
http://www.ams.org/mathscinet-getitem?mr=0370837


Cox, D. R. and Snell, E. (1968). A general definition of residuals. Journal of the Royal Statistical
Society B 30, 248–275. MR0237052

Doornik, J. A. (2009). An Object-Oriented Matrix Programming Language Ox 6. London: Timber-
lake Consultants.

Efron, B. (1979). Bootstrap methods: Another look at the jackknife. Annals of Statistics 7, 1–26.
MR0515681

Gupta, R. C. (1974). Modified power series distribution and some of its applications. Sankhyâ B 36,
288–298. MR0391334

Lawley, D. (1956). A general method for approximating to the distribution of likelihood ratio criteria.
Biometrika 43, 295–303. MR0082237

Ospina, R., Cribari–Neto, F. and Vasconcellos, K. L. P. (2006). Improved point and interval esti-
mation for a beta regression model. Computational Statistics and Data Analysis 51, 960–981.
MR2297500

Vasconcellos, K. L. P. and Silva, S. G. (2005). Corrected estimates for student t regression models
with unknown degrees of freedom. Journal of Statistical Computation and Simulation 75, 409–
423. MR2154788

http://www.ams.org/mathscinet-getitem?mr=0237052
http://www.ams.org/mathscinet-getitem?mr=0515681
http://www.ams.org/mathscinet-getitem?mr=0391334
http://www.ams.org/mathscinet-getitem?mr=0082237
http://www.ams.org/mathscinet-getitem?mr=2297500
http://www.ams.org/mathscinet-getitem?mr=2154788


Brazilian Journal of Probability and Statistics
2017, Vol. 31, No. 3, 561–568
DOI: 10.1214/16-BJPS324
© Brazilian Statistical Association, 2017

A note on curvature influence diagnostics in elliptical
regression models
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Abstract. In this paper, we derive analytical expressions for the curvature
influence statistic proposed by Cook [J. Roy. Statist. Soc. Ser. B 48 (1986)
133–169] in elliptical regression models under a data perturbation scheme.
A relationship between the curvature statistics and the residuals is established
and the effects of the shape parameter are assessed. The results reveal the
role of the shape parameter in applying the curvature influence diagnostics
technique.
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Abstract. We consider the recently introduced Transformation-based
Markov Chain Monte Carlo (TMCMC) (Stat. Methodol. 16 (2014) 100–116),
a methodology that is designed to update all the parameters simultaneously
using some simple deterministic transformation of a one-dimensional ran-
dom variable drawn from some arbitrary distribution on a relevant support.
The additive transformation based TMCMC is similar in spirit to random
walk Metropolis, except the fact that unlike the latter, additive TMCMC uses
a single draw from a one-dimensional proposal distribution to update the
high-dimensional parameter. In this paper, we first provide a brief tutorial
on TMCMC, exploring its connections and contrasts with various available
MCMC methods.

Then we study the diffusion limits of additive TMCMC under various
set-ups ranging from the product structure of the target density to the case
where the target is absolutely continuous with respect to a Gaussian mea-
sure; we also consider the additive TMCMC within Gibbs approach for all
the above set-ups. These investigations lead to appropriate scaling of the one-
dimensional proposal density. We also show that the optimal acceptance rate
of additive TMCMC is 0.439 under all the aforementioned set-ups, in contrast
with the well-established 0.234 acceptance rate associated with optimal ran-
dom walk Metropolis algorithms under the same set-ups. We also elucidate
the ramifications of our results and clear advantages of additive TMCMC
over random walk Metropolis with ample simulation studies and Bayesian
analysis of a real, spatial dataset with which 160 unknowns are associated.
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Abstract. This paper proposes the Bayesian inference for flexible measure-
ment error models, in which their systematic components include explanatory
variable vectors with and without measurement errors, as well as nonlinear
effects that are approximated by using B-splines. The model investigated is
the structural version, as the error-prone variables follow scale mixtures of
normal distributions such as Student-t , slash, contaminated normal, Laplace
and symmetric hyperbolic distributions. To draw samples of the posterior dis-
tribution of the model parameters, an MCMC algorithm is proposed. The per-
formance of this algorithm is assessed through simulations. In addition, the
function fmem() of the R package BayesGESM is presented, which pro-
vides an easy way to apply the methodology presented in this paper. The pro-
posed methodology is applied to a real data set, which shows that ignoring
measurement errors (i.e., analyze the data by using the traditional methodol-
ogy) can lead to wrong conclusions.
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Boosting, downsizing and optimality of test functions
of Markov chains

Thomas R. Boucher
Department of Mathematics, Texas A&M University-Commerce

Abstract. Test functions play an important role in Markov chain theory. Sta-
bility of a Markov chain can be demonstrated by constructing a test function
of the chain that satisfies a stochastic drift criterion. The test function defines
a class of functions of the process for which limit laws hold, yields bounds on
the convergence of the Markov chain transition probabilities to the stationary
distribution, and provides information concerning the mixing properties of
the chain. Under certain conditions, these results can be improved by using a
new test function derived from a known test function of a Markov chain.

References

Borovkov, A. A. and Hordijk, A. (2004). Characterization and sufficient conditions for normed er-
godicity of Markov chains. Adv. in Appl. Probab. 36, 227–242. MR2035781

Boucher, T. R. and Cline, D. B. H. (2007). Stability of cyclic threshold autoregressive time series
models. Statist. Sinica 17, 43–62. MR2352503

Chan, K. S., Petruccelli, J. D., Tong, H. and Woolford, S. W. (1985). A multiple-threshold AR(1)

model. J. Appl. Probab. 22, 267–279. MR0789351
Cline, D. B. H. and Pu, H. (2001). Stability of nonlinear time series: What does noise have to do

with it? In Selected Proceedings of the Symposium on Inference for Stochastic Processes, Vol. 37,
151–170. MR2002508

Mengersen, K. L. and Tweedie, R. L. (1996). Rates of convergence of the Hastings and Metropolis
algorithms. Ann. Statist. 24, 101–121. MR1389882

Meyn, S. P. and Tweedie, R. L. (1993). Markov Chains and Stochastic Stability. London: Springer.
MR1287609

Petruccelli, J. D. and Woolford, S. W. (1984). A threshold AR(1) model. J. Appl. Probab. 21, 270–
286. MR0741130

Roberts, G. O. and Rosenthal, J. S. (2004). General state space Markov chains and MCMC algo-
rithms. Probab. Surv. 1, 20–71. MR2095565

Rosenthal, J. S. (2003). Asymptotic variance and convergence rates of nearly-periodic MCMC algo-
rithms. J. Amer. Statist. Assoc. 98, 169–177. MR1965683

Key words and phrases. Markov chain, convergence, ergodicity, mixing, test function.

http://imstat.org/bjps/
http://dx.doi.org/10.1214/16-BJPS327
http://www.redeabe.org.br/
http://www.ams.org/mathscinet-getitem?mr=2035781
http://www.ams.org/mathscinet-getitem?mr=2352503
http://www.ams.org/mathscinet-getitem?mr=0789351
http://www.ams.org/mathscinet-getitem?mr=2002508
http://www.ams.org/mathscinet-getitem?mr=1389882
http://www.ams.org/mathscinet-getitem?mr=1287609
http://www.ams.org/mathscinet-getitem?mr=0741130
http://www.ams.org/mathscinet-getitem?mr=2095565
http://www.ams.org/mathscinet-getitem?mr=1965683


Brazilian Journal of Probability and Statistics
2017, Vol. 31, No. 3, 653–665
DOI: 10.1214/16-BJPS328
© Brazilian Statistical Association, 2017

Second-order autoregressive Hidden Markov Model
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Abstract. We propose an extension of Hidden Markov Model (HMM) to
support second-order Markov dependence in the observable random process.
We propose a Bayesian method to estimate the parameters of the model and
the non-observable sequence of states. We compare and select the best model,
including the dependence order and number of states, using model selection
criteria like Bayes factor and deviance information criterion (DIC). We apply
the procedure to several simulated datasets and verify the good performance
of the estimation procedure. Tests with a real dataset show an improved fitting
when compared with usual first order HMMs demonstrating the usefulness of
the proposed model.
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