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Abstract. In group sequential analysis, data is collected and analyzed in
batches until pre-defined stopping criteria are met. Inference in the parametric
setup typically relies on the limiting asymptotic multivariate normality of the
repeatedly computed maximum likelihood estimators (MLEs), a result first
rigorously proved by Jennison and Turnbull (1997) under general regular-
ity conditions. In this work, using Stein’s method we provide optimal order,
non-asymptotic bounds on the distance for smooth test functions between the
joint group sequential MLEs and the appropriate normal distribution under
the same conditions. Our results assume independent observations but allow
heterogeneous (i.e., non-identically distributed) data. We examine how the
resulting bounds simplify when the data comes from an exponential family.
Finally, we present a general result relating multivariate Kolmogorov distance
to smooth function distance which, in addition to extending our results to the
former metric, may be of independent interest.
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Abstract. Multidimensional item response theory (MIRT) models estimate
multiple latent traits from individual item response data and have been ap-
plied to problems in several knowledge areas. This article explores some
statistical aspects about the compensatory multidimensional graded response
model with two hierarchical structures and Q-matrix. Specifically, the effi-
ciency of the estimation method using No-U-Turn Sampler (NUTS) algo-
rithm and the performance of the three model comparison criteria regarding
the adequacy of the models with the same dataset were verified. An appli-
cation was conducted with recent data from responses to a questionnaire on
sustainability perception applied to residents in Brazil verified the model that
best fit the data, thus justifying the choice of the appropriate model for the re-
search. The results were used for the selection of a model for the application.
The explored models provided detailed information about individuals, which
may be useful for the design of public policies aimed at the development
of specific educational actions for the economic, environmental and social
fields. Codes are available for the proposed methodology to be explored in
other applications.
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Abstract. The first order Poisson integer-valued autoregressive (INAR(1)y)
process with a seasonal structure has been used to model the seasonal integer-
valued time series. This model, however, may not be suitable for count data
with both seasonal structure and overdispersion. This paper introduces the
first order seasonal integer-valued autoregressive process with zero-inflated
Poisson innovations that can be used to model the seasonal integer-valued
time-series with overdispersion. We discuss several probabilistic and statis-
tical properties including stationarity of the process as well as a conditional
least squares estimator and a maximum likelihood estimator of the process.
Also, throughout our simulations, the applicability of these estimators to fi-
nite samples is evaluated and compared. Finally, we illustrate the usefulness
of the proposed model by comparing our analysis results with ones by other
competitive models considered in previous works on three real data sets.
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Abstract. Non-probability samples such as web survey data are widely used
in different fields because of their low cost, short period and high efficiency.
However, it is difficult to infer the population due to the absence of inclusion
probabilities of non-probability samples. The propensity score approach, su-
perpopulation model approach and doubly robust approach have been used
for inference with non-probability samples. However, when there is a rela-
tively rich set of covariates or predictors, variable selection and correlations
between predictors become important in modeling. In this paper, doubly ro-
bust estimation methods are proposed via incorporating a penalty and double
penalty graphical structures among predictors for non-probability samples
with high-dimensional data. Specifically, not only are graphical structures
among predictors considered to describe the relationships between covari-
ates in superpopulation modeling, but the inverse of the estimated inclusion
probabilities of non-probability samples are also added to the objective func-
tion for estimating superpopulation parameters in the proposed methods. The
asymptotic properties of the proposed estimators and variance estimation are
discussed. Simulation studies are further conducted to verify the performance
of the proposed methods. Lastly, the proposed methods are adopted to ana-
lyze a Rattus norvegicus eye eQTL experiment data set.
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Abstract. In this paper, we apply the wavelet method to the estimation of the
memory parameter of a two-dimensional (intrinsically) stationary Gaussian
long memory random field, which is perturbed by an independent, additive
and stationary Gaussian short memory noise field. We propose the nonlin-
ear log-wavelet-variance regression (NLWVR) estimator, and determine its
consistency with convergence rate as well as asymptotic normality, basically
when the memory parameter of the signal field is larger than —1. The finite
sample performance of the NLWVR estimator of perturbed stationary long
memory random fields is examined by Monte Carlo simulation. In the sim-
ulation, we also include the comparison between the NLW VR estimator and
the classic wavelet-variance-based linear regression estimator.
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Abstract. Kernel Density Estimation stands as the foundation for most con-
temporary non-parametric probability density function estimation methods.
The essence of this technique centers around the bandwidth parameter, and a
variety of bandwidth selectors have been created to precisely determine the
optimal value for refinement. Despite the existence of numerous articles on
this topic, selecting an appropriate method for a specific database remains a
challenging issue, and it continues to be an active area of research. This work
explores classic and prominent bandwidth selectors with the intention of eval-
uating their performance, specifically in terms of the error area between the
model and its estimation, across different scenarios. Fourteen methods are
evaluated in total, comprising six Plug-in and eight Cross-validation based
methods. This research provides fresh perspectives on the subject by conduct-
ing a comparative study encompassing a diverse set of distributions varying
in complexity and a wide range of sample sizes. In addition, it includes a
comparison of KDE methods that have not been previously assessed together.
This paper provides an in-depth exploration of the distinctions among the ex-
amined methods, providing means for a conscious choice of which bandwidth
selector to use based on some prior knowledge of the experiment in hand and
its data characteristics. Among the tested approaches, some methods show re-
markable robustness and accuracy, particularly in handling complex distribu-
tions. Key challenges, such as overestimating or underestimating bandwidth,
were identified and addressed, offering improved solutions for diverse sce-
narios.
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Abstract. Acceptance sampling plans are essential for quality assurance in
reliability testing. This study introduces a novel approach to variable accep-
tance sampling plans under Type-II censoring, assuming an exponential dis-
tribution for failure times with an inverse gamma prior. The proposed model
applies a decision tree algorithm, simplifying the process compared to tra-
ditional methods that rely on complex nonlinear or stochastic optimization.
By using Bayesian inference, the model incorporates prior knowledge and
updates decisions with new data, minimizing the number of failures required
to terminate the test, while ensuring product reliability and reducing testing
costs. The decision tree method with backward induction is used to evaluate
costs from the leaf nodes to the root, ensuring optimal decision-making with
minimum cost. A real-life case study illustrates the practical applications of
this method, and a comparative analysis with an existing model demonstrates
that it is not only simpler but also has a significantly higher power of test,
making it suitable for real-world applications. A sensitivity analysis study is
also conducted using simulated data to assess how changes in cost parameters
and prior parameters influence the optimal decision cost.
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