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Abstract. Optimal design of superiority, noninferiority and equivalence two-
arm clinical trials with binary endpoints remains a scientific topic of consid-
erable theoretical and practical interest. In their seminal paper, Farrington
and Manning (Stat. Med. 9 (1990) 1447–1454) demonstrate, upon systematic
simulation, the superiority of the design based on the conditional maximum
likelihood estimators (RMLE) to a number of viable alternatives. The ap-
proach based on the RMLE is the most popular option among practitioners
with more than 700 citations up to date. They offer a closed-form formula for
the maximum likelihood estimator, which is claimed to be a unique root to
a certain cubic polynomial in a specified parameter-dependent interval. We
identify a number of instances where this formula is not well-defined, and
thus not universally valid. More specifically still, for infinitely many param-
eter combinations, the formula suggested in Farrington and Manning (Stat.
Med. 9 (1990) 1447–1454) involves division by 0 which is an ill-defined con-
cept. In this manuscript, we offer a full, mathematically rigorous theory of
RMLE in this set-up, which has not been known to have been published pre-
viously. We thereby correct and extend the current results on the topic and
provide a formula, which is indeed (universally) valid for all possible param-
eter combinations.
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Abstract. The theory of missing data addresses statistical methods for han-
dling cases where some values for the variable of interest are absent. How-
ever, much of statistical theory traditionally assumes fully observed data. One
approach to manage incomplete data sets is imputation, where missing values
are estimated based on certain criteria. In this work, we present a novel im-
putation methodology for univariate missing data patterns, leveraging fully
observed auxiliary variables. The model assumes the nonobserved variable is
continuous and that auxiliary variables provide valuable information to en-
hance imputation accuracy. Within a fully Bayesian framework, our method
employs a flexible mixture of multivariate normal distributions to jointly
model the response and auxiliary variables. Using the properties of Gaus-
sian cluster-weighted modeling, we develop a predictive model to impute the
missing values based on the auxiliary data. We illustrate the performance of
our method through simulation studies and real-world data, demonstrating
its imputation capacity across various scenarios and comparing it to existing
methods in the literature.
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Abstract. The G-DINA model is a versatile cognitive diagnostic model used
for individuals’ classification. In this paper, we propose a Bayesian formula-
tion of the G-DINA model and an estimation method using an MCMC Gibbs
Sampling algorithm, implemented using the software JAGS. A simulation
study was designed to evaluate the parameters recovery and the estimation ac-
curacy of the Bayesian implementation of G-DINA and the results were com-
pared with the standard frequentist approach in four scenarios. The results
show that the proposed Bayesian implementation recovers all parameters and
has good accuracy in the estimation, with performance similar to or better
than the frequentist approach in all simulated scenarios. As an application,
we propose a new methodology of classification of depression for respon-
dents to the Beck Depression Inventory (BDI) based on an existing one, by
replacing the original DINA model for the G-DINA. A comparative analysis
of the application of these two methods in a data set from 1111 respondents
of the BDI test was conducted. The results indicate that the methodology with
the G-DINA model is more suitable for this application.
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The Bayes estimator of a conditional density: Asymptotic behavior
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Abstract. The problem of estimating a density, conditional or not, from both
a frequentist and a Bayesian point of view, is of particular interest. These
problems have been addressed by the author in previous works in a Bayesian
context. Here, under mild regularity assumptions on the measurable spaces
involved, the convergence to 0 of the Bayes risk (for both the L1 and L1-
squared loss functions) of the Bayes estimator of a conditional density is
proved; its strong consistency is also derived. The Bayes estimator of the
conditional density is the conditional density with respect to the posterior
predictive distribution. A closely related problem is that of estimating the
conditional distribution itself; the asymptotic behavior of its Bayes estima-
tor is also addressed, and a Bayesian nonparametric example is provided to
show a situation where estimating the conditional distribution has an optimal
solution, although the problem of estimating the conditional density is mean-
ingless.

The results are general enough to cover discrete and continuous, para-
metric or nonparametric cases; and no specific supposition is made about the
prior distribution.
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Abstract. This paper reformulates a model for pricing continuous-sampling
times variance swaps, which is the mean-reverting Gaussian model with
asymmetric double exponential distribution jump. We extend it by further
considering the regime-switching frame. In other words, the parameters in
this model are modulated by a Markov chain. Note that the market consid-
ered is incomplete in general, which implies that more than one equivalent
martingale measures exist. Utilizing differential methods such as the regime-
switching Esscher transform, we identify an equivalent martingale measure
called the minimal entropy martingale measure (MEMM) and derive an ana-
lytic solution for the pricing problem.
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On the directed likelihood statistic in simplex regressions

Artur J. Lemonte1,a

1Departamento de Estatística, Universidade Federal do Rio Grande do Norte, Natal/RN, Brazil,
aarturlemonte@gmail.com

Abstract. We address the issue of performing testing inference in small-
sized samples in the class of simplex regression models, which is tailored
to continuous response variables that assume values in the standard unit in-
terval, such as rates and proportions. We consider the directed likelihood test
statistic and derive a simple adjustment factor to this statistic to improve its
performance in small samples. We compare the finite sample performances
of the (usual and adjusted) directed likelihood test statistics using Monte
Carlo simulation experiments. The numerical results favor the adjusted di-
rected likelihood test we propose. We also provide an empirical application
for illustrative purposes.
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Exponential squared loss-Lasso: A sparse noise-resilient partially
linear spatial autoregressive models
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Abstract. In spatial autoregressive models, the relationship between re-
sponse variable and covariable is sometimes not only linear, but also non-
linear. Therefore, a partially linear spatial autoregressive model has recently
been proposed for such data with complex correlations. In this paper, we
consider the estimation and variable selection problems for partially linear
spatial autoregressive models. A robust variable selection method based on
spline estimation and exponential squared loss is offered. Under some mild
conditions, we establish the asymptotic and Oracle properties of the proposed
estimator. We propose a block coordinate descent (BCD) algorithm based on
the concave–convex process (CCCP) to solve the problems. Numerical stud-
ies have shown that the method is more robust and accurate when the obser-
vations are noisy or the estimated spatial weight matrix is inaccurate.
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