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A Study on Change-point Detection for
Multivariate Time Series

R

&

This study proposes an innovative approach for identifying change-points
in multivariate time series. The key idea is to transform the multivariate
series into a collection of univariate series via multiple random linear
projections. Change-point detection procedures are then applied to each
projected series, yielding a set of candidate locations for structural breaks.
Clustering techniques are subsequently employed to this set to
simultaneously estimate the number and locations of change-points.
Several simulation studies are conducted to evaluate the effectiveness of
the proposed method. An empirical analysis based on stock market indices,
government bond yields, and foreign exchange markets from eight
countries over the period February 7, 2006, to December 30, 2024, is
further presented to illustrate its practical performance. The numerical
results demonstrate that the proposed method achieves improved detection
accuracy with lower computational cost compared to existing approaches.
The empirical findings also align with major global financial and economic
events occurring during the study period.
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Modeling Vine Copulas Without Simplifying Assumption

AR
DRENEE ¥ R S g

&

We propose a novel framework for modeling complex dependence
structures using non-simplified vine copulas. In conventional vine copula
models, the simplifying assumption, that is, the conditional copula is
independent of the conditional variable, is typically imposed. However,
this approach may not adequately capture more sophisticated dependence
patterns in the data. To address this issue, we apply the regression
association measures to detect complex dependence structure in the pair-
copula construction, allowing the vine structure to be estimated without the
simplifying assumption. By employing a data-driven partitioning strategy,
we further propose a flexible conditional copula model that allows the
dependence structure to vary across the conditioning variable, thereby
facilitating the assembly of a non-simplified vine structure. Simulation
studies reveal improved performance in modeling complex dependence
structures. Real data examples are analyzed for illustration.
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Precision-Constrained Optimal Test Planning in
Degradation Analysis
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Flexible mixture modeling using the truncated skew-normal
distribution: properties and applications

EE
RN R § S

2

This paper introduces a finite mixture of truncated skew-normal model that
provides a flexible and unified framework for analyzing heterogeneous,
asymmetric, and truncated data. The proposed model can effectively
accommodate both skewness and truncation, allowing for greater modeling
flexibility in capturing intricate features often encountered in real-world
applications. An expectation-conditional maximiza tion (ECM) algorithm
is developed to compute the maximum likelihood estimates of the model
parameters. Standard errors are derived using a general information matrix
based approach. The effectiveness and practical utility of the proposed
methodology are assessed through simulation studies and applications to
two real datasets.
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Multivariate Slash Censored Regression Approach with
Multiple Detection Limits

&

In many applications, the normality assumption of statistical modeling may
not always be realistic due to heavy tails arising from atypical observations
and skewness induced by detection limits (DLs) of equipment's
quantitative arrays. As a flexible alternative by modeling multivariate data
with leptokurtosis and censorship, this paper introduces the MSL with
censoring (MSLC) model, in which more than one attribute may contain
censored values, and establishes the multivariate slash censored regression
(MSLCR) model where the random errors have the MSL distribution. To
perform maximum likelihood (ML) estimation of model parameters, we
develop expectation-maximization-type algorithms in which the E-steps
rely on the first two moments of truncated MSL distributions. The
asymptotic standard errors of the ML estimators of location parameters and
regression coefficients are obtained by inverting the expected information
matrix according to Louis' method. For illustrative purpose, our
methodology is applied to three real datasets with genuinely censored
observations. Simulation studies are undertaken to investigate the
performance of the proposed estimation procedures.
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Degradation Analysis of Multivariate Trend Process with
Dependent Trend Function
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With the rapid advancement of technology, modern products exhibit high
reliability and long lifetimes, making failure data difficult to obtain within
limited testing periods. Degradation analysis provides an effective
statistical method to complete the lifetime prediction by monitoring quality
characteristics (QCs) over time. However, the degradation of industrial
products is sometimes influenced by multiple QCs simultaneously, and
these QCs may exhibit underlying dependence. Therefore, how to
construct the degradation model based on the multiple QCs under
considering their dependence is crucial for accurate lifetime assessment.
This study proposes a multivariate trend process framework by
incorporating dependent parameters into the trend functions to capture
such correlations. The proposed framework allows different QCs to follow
distinct stochastic trend processes (e.g., trend gamma process and trend
inverse gaussian process) under a consistent modeling structure. Under the
complex dependence structures, maximum likelihood estimation (MLE) is
often computationally intractable due to the lack of closed-form joint
likelihoods. To address this issue and the constraints of limited sample
sizes typically encountered in high-reliability products, a Bayesian
framework 1is adopted to incorporate prior knowledge and improve
estimation stability. Markov chain Monte Carlo (MCMC) methods are
used for posterior inference and reliability evaluation. Simulation studies
and real-data analysis demonstrate the effectiveness of the proposed
framework 1n reliability inference.
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Standardized Minimax Design for Gamma Accelerated
Degradation Tests
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For highly reliable products, observing failures under normal-use
conditions within a limited testing period is often difficult. Accelerated
degradation tests (ADTs) provide an efficient approach for collecting
degradation measurements under elevated stress levels and inferring
product lifetime. Optimal designs for gamma ADTs often depend on
accurate specification of model parameters, which may be impractical
when parameter uncertainty exists. To address this issue, this study
investigates standardized minimax designs for gamma ADTs by
incorporating a plausible range of parameter values and protecting the
design against worst-case scenarios. Since the exact criterion is non-
differentiable and involves a multi-layer nested optimization problem, a
hybrid optimization strategy based on Particle Swarm Optimization (PSO)
is used to search for the minimax design under the exact gamma process
model. In addition, a saddlepoint approximation (SPA) is considered to
simplify the Fisher information matrix and provide analytical insight into
the design structure. This study explores standardized minimax design
strategies for gamma ADTs from both exact model and approximation-
based perspectives, aiming to develop robust and computationally efficient
test plans under parameter uncertainty.
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In this study, we consider two time series models to fit degradation data
and predict the product's first hitting time (FHT) or remaining useful life
(RUL). One is the integrated moving average with a drift term (IMAD)
model. Alternatively, to capture the heterogeneity within the degradation
paths, we treat the drift term as a random effect and then construct the
integrated moving average with a random drift (IMADR) model. The
likelihood functions of both proposed models are derived, and the
corresponding maximum likelihood estimators are obtained. Based on the
proposed models, the FHT distributions are analytically derived. Monte
Carlo simulations confirm the validity of the proposed models. For real
data applications, the fatigue crack growth data and NASA battery data are
analyzed. First, we fit the IMADR model to perform one- and two-step-
ahead predictions, as well as to estimate the corresponding FHT
distribution. Next, consider the regeneration-jumps in the NASA dataset,
we use the intervention analysis of time series model, and then complete
the FHT and RUL distributions of battery.
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Changepoint Detection via a BB1 Copula-Based PELT
Algorithm with Mixture Normal Marginals
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Stochastic processes in financial and econometric time series frequently
exhibit non-stationary behavior, characterized by abrupt shifts in both
marginal distributions and serial dependence structures. Traditional linear
models often fail to account for the complex dependencies including
nonlinear association or tail structure observed during market extremes,
such as joint booms and crashes, as well as the unobserved heterogeneity
inherent in return distributions. We propose a robust framework for exact
changepoint detection by integrating copula-based Markov chains with the
2-component Gaussian Mixture Model (GMM) to characterize marginal
multimodality and skewness. The serial dependency is modeled using the
Archimedean BB1 copula, which allows for the simultaneous and
independent modeling of asymmetric upper and lower tail dependencies.
To address the computational challenges associated with exact search in
these complex structures, we implement the Pruned Exact Linear Time
(PELT) algorithm. By integrating the joint transition density of the BB1-
GMM framework into the PELT cost function, we demonstrate that exact
segmentation of complex regimes can be achieved with linear
computational complexity. The proposed methodology is validated
through a rigorous simulation study and applied to historical financial data
to identify structural transitions surrounding global economic crises.
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Changepoint Detection for Zero-Inflated Poisson Processes
via PELT

R

# &

This study employs the PELT method for detecting changepoints in time
series data. We model the data using the Copula Markov Zero-Inflated
Poisson (ZIP) framework, where parameters are estimated via Maximum
Likelihood Estimation (MLE) using the Newton-Raphson method. To
capture different dependence structures, we utilize both the Clayton Copula
and the Joe Copula. Furthermore, we conduct extensive simulation studies
to evaluate the performance of our approach. Specifically, we vary
simulation settings, such as dependence strength and sample size, to assess
their impact on the accuracy of both changepoint detection and parameter
estimation.
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Statistical Inference for a Contaminated Zero-Inflated
Compound Poisson—Gamma Process with Applications
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This study considers the estimation problem for a contaminated zero-
inflated compound Poisson—Gamma (ZiCPG) process. The contaminated
ZiCPG model provides a flexible framework for modeling the dynamics of
stochastic processes with jumps by simultaneously incorporating zero
inflation and random jump sizes into a Poisson process with noise
contamination. Consequently, computing the maximum likelihood
estimator is challenging. To address this issue, we propose an effective
procedure based on jump-state identification and particle filtering to
estimate latent jumps and mitigate the computational challenges arising
from noise contamination. A prediction model is further developed based
on the estimated jumps. Numerical results from various simulation
scenarios demonstrate that the proposed estimation scheme achieves
satisfactory performance. Moreover, when applied to an electricity
consumption dataset, the proposed prediction model yields superior
performance in forecasting potential abnormal electricity consumption
compared with competing methods.
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Multiple Imputation Confidence Intervals for the Ratio of
parameters with Missing Data: Binomial and Poisson Cases
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Confidence interval estimation for the ratio of parameters is widely applied
in clinical trials and epidemiological studies. While the MOVER-R
(method of variance estimates recovery for the ratio) provides an effective
framework for these estimations, its application is often limited by missing
data issues commonly encountered in practice. Integrating multiple
imputation with MOVER-R, this study develops a new procedure for
constructing confidence intervals for the ratio of parameters under
independent binomial and poisson distributions, specifically addressing
data that are missing completely at random and missing at random. The
simulation study shows that the coverage probabilities of the proposed
intervals remain stable and close to the nominal level. Furthermore, this
study summarizes optimal recommendations for the application of each
interval across various data scenarios. Finally, the practical utility of the
proposed intervals is validated through illustrative examples using real-
world data.




Confidence Intervals for the Proportion Difference in
Matched-Pair Binary Data with Missing Values
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Matched-pair binary data are frequently encountered in clinical trials,
where the difference in proportions is often the primary focus of interest.
In practice, data missingness often restricts analysis. Within the framework
of multiple imputation ( MI), existing interval estimation methods for such

missing data still suffer from insufficient coverage probabilities, a problem
that is particularly pronounced when parameters approach their boundaries.
To address these limitations, this study develops and compares several
improved interval estimation procedures within the MI framework.
Simulation results show that the new method proposed in this study
effectively mitigates the issue of undercoverage, demonstrating the most
stable overall performance and outperforming existing methods.
Furthermore, while maintaining satisfactory coverage probabilities, the
proposed procedure yields shorter average interval widths, thereby
providing more precise interval estimates. Finally, the practical value of
these methods is demonstrated through the analysis of real-world datasets.




Flexible Spatial Modeling with Variable Selection: A Deep
Neural Network-Based Higher-Order Nonparametric
Spatial Autoregressive Framework
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Deep neural networks have received increasing attention because of their
strong predictive performance and flexibility in modeling complex
nonlinear relationships. This thesis investigates the variable selection
problem in a higher-order nonparametric spatial autoregressive model with
nonparametric endogenous spatial effects. Unlike conventional spatial
autoregressive models that rely primarily on prespecified spatial weight
matrices, the proposed framework employs deep neural networks to learn
multiple spatial weighting mechanisms from the data and to model
nonlinear endogenous spatial effects and nonlinear main effects in a unified
architecture.

The proposed model consists of a spatial branch and a main-effect branch.
The spatial branch is constructed through multiple learned spatial
weighting mechanisms and their corresponding nonparametric endogenous
effect functions, allowing the model to accommodate complex and
heterogeneous spatial dependence. The main-effect branch combines a
linear skip component with a nonlinear neural network component. To
achieve parameter learning and variable selection simultaneously, an (1
penalty and a hierarchical structured sparsity constraint are imposed on the
main-effect branch, such that a variable excluded from the linear skip
component is also removed from its associated nonlinear representation. A
regularization-path training procedure with a hierarchical proximal update
is further developed for model estimation and feature selection.

Simulation studies show that the proposed method can correctly identify
important variables while maintaining competitive predictive performance
under nonlinear and multiple spatial dependence structures. An empirical
analysis using the California Housing Prices data further demonstrates that
the proposed framework achieves improved predictive performance and
identifies meaningful explanatory variables compared with a fixed-spatial-




weight benchmark. Overall, the proposed method integrates flexible spatial
mechanism learning, nonparametric endogenous spatial effects, and
interpretable variable selection within a unified deep learning framework.

Keywords: Variable selection; Higher-order nonparametric spatial
autoregressive model; Nonparametric endogenous spatial effect; Deep
neural networks; Spatial heterogeneity
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A Copula-Based Model for Residual Dependence between a
Right-Censored Event Time and an Ordinal Variable
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In many applications, a right-censored event time and an ordinal variable
are commonly analyzed separately, or the ordinal variable is simply
incorporated into the survival model only through regression effects. Such
approaches do not directly account for residual dependence between the
two variables, and ignoring this dependence may lead to biased results. In
this work, we propose a copula-based joint model for a right-censored
event time and an ordinal variable, combining a Cox proportional hazard
model for the event time margin with a cumulative logit model for the
ordinal margin. The dependence between the two margins is modeled
through a parametric copula family. A Breslow-type estimator is used for
the baseline hazard, and all finite-dimensional parameters are estimated
jointly by maximum likelithood. The proposed model also yields time-
varying class probability and prediction scores that can be used for
cumulative/dynamic time-dependent receiver operating characteristic
curve (ROC) analysis. The finite-sample performance of the proposed
method is investigated through simulation studies. Real data examples are
analyzed for illustrations.
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Weighted Cumulative Distribution Functions for
Nonparametric Inference via Empirical Likelihood
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This study develops an empirical likelihood-based nonparametric testing
method for statistical functionals of an unknown distribution. The proposed
approach constructs functional constraints using a weighted Gaussian
kernel cumulative distribution function and incorporates them into the
empirical likelihood ratio framework. Both the mean functional and the
quantile functional are considered, with the median used as a representative
quantile case. Simulation studies under Weibull, Gamma, and Lognormal
distributions are conducted to compare the proposed method with an
existing density-based empirical likelihood method. The results show that
the proposed method maintains reasonable Type I error control as the
sample size increases. It also achieves higher empirical power in the
median functional case and comparable or slightly better power in the mean
functional case, demonstrating its effectiveness for nonparametric
inference on distributional functionals.
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This paper develops a decomposition-based network framework to analyze
persistent versus episodic contagion in cryptocurrency markets. Using
high-frequency data for 16 major cryptocurrencies from 2019 to 2026, we
apply a robust iterative procedure to decompose return and volatility series
into regular components, episodic extreme shocks, and persistent level
changes. This design allows for a clear distinction between stable market
architecture and event-driven transmission channels. Our results reveal that
cryptocurrency contagion is multi-layered: a stable backbone of persistent
links represents the market’s regular information-sharing structure, while
major events activate episodic channels through temporary spillovers and
synchronized shocks. Importantly, the assets central to jump episodes
differ from those dominant in regular dependence networks. The
framework provides a structured approach to distinguish the market's
underlying architecture from temporary contagion paths, offering clearer
insights into risk management during both normal and crisis times.
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Joint Tail Risk Forecasting for High-Volatility Assets Based
on Copula Semiparametric Framework
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This study proposes a copula-based bivariate ES—-CAViaR framework to
jointly forecast value-at-risk (VaR) and expected shortfall (ES), and to
investigate inter-asset dependence in downside risk. For the marginal
dynamics, we consider four ES-CAViaR-type specifications: the baseline
ES—CAViaR model; ES-CAViaR-st, which redefines the exceedance term
as a ratio; ES—-CAViaR-v, which incorporates Rogers—Satchell volatility;
and ES—-CAViaR-R, which incorporates Garman—Klass volatility. To
capture cross-asset dependence, we adopt the Clayton and the BB1 copulas
based on pseudo-observations. The Clayton copula is well suited for
modeling lower-tail dependence and assessing joint extreme downside risk,
whereas the BB1 copula captures both lower- and upper-tail dependence,
allowing us to examine asymmetric tail behavior. Pseudo-observations are
used to map the return series into the copula domain. We estimate the
unknown parameters using an adaptive Markov chain Monte Carlo
(MCMC) scheme. In the burn-in phase, we employ a random-walk
Metropolis algorithm, and then switch to an independent-kernel
Metropolis-Hastings sampler for the subsequent draws. In the empirical
study, we employ the copula-based bivariate ES-CAViaR framework to
the cryptocurrency market using Bitcoin and Ethereum. We generate
rolling-window forecasting, one-step-ahead out-of-sample forecasts at the
1% level over a five-year evaluation period. Forecast accuracy and
coverage are examined via the violation rate (VRate), conditional violation
probability, and backtest methods. Forecast performance is further
evaluated using scoring criteria. The results indicate that the ES
specification redefining exceedances as a ratio yields more robust joint
VaR and ES forecasts, with the improvement most pronounced during
periods of elevated downside risk. The Clayton copula captures lower-tail
dependence, while the BB1 copula provides a more flexible structure,
revealing distinct patterns in upper- and lower-tail dependence in the
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empirical study. The conditional VaR violation probabilities summarize
the co-occurrence of violations, with differences across conditional
proportions primarily driven by marginal violation frequencies rather than
directional effects.
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A Semi-Reference Bayesian Approach to Cell-Type
Annotation and Marker Discovery in Single-Cell RNA-Seq
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Single-cell RNA sequencing technology has become a vital tool for
understanding cellular diversity and discovering new types of cells in
complex biological systems. A fundamental step in this process is cell type
annotation. This procedure involves identifying the identities of cells in a
new dataset, known as the query dataset, by comparing them to a reference
that provides known cell type information. However, a major challenge
arises when the query dataset contains cells that are not represented in the
reference. Traditional methods are often limited by forced classification,
where they must assign a known label to every cell, leading to wrong
annotations. Even when newer tools attempt to address this problem, they
often rely on simple filtering methods based on low confidence scores.
Because these methods lack a precise way to categorize cells that not
present in the reference, it becomes difficult to distinguish between
meaningful biological groups and low-confidence cells. To address these
limitations, we distinguish between two types of cells that are not present
in the reference. First, unknown cell types represent novel biological
populations that are not yet recorded in the reference. Second, unassigned
cells are defined as low-confidence cells that cannot be reliably assigned
to either known reference cell types or unknown cell types. This lack of
confidence often stems from poor experimental or the presence of
undefined subtypes. Following this logic, we propose BaySCA, a novel
semi-reference Bayesian approach that integrates hierarchical modeling
with marker gene discovery. We develop a Markov chain Monte Carlo
procedure via Gibbs sampling to simultaneously estimate cell-type-
specific effects and identify marker genes for both known reference cell
types and unknown cell types. A key feature of BaySCA is its ability to
identify multiple unknown cell types simultaneously. By treating unknown
populations as distinct groups rather than a single category, BaySCA
enables a clearer identification of multiple new cell types and their specific




marker genes. Furthermore, BaySCA incorporates a posterior-based
rejection threshold to effectively distinguish and filter out unassigned cells
from structured cell types. To accommodate broader scenarios, we also
extend this framework into a reference-free clustering model. Through
simulation studies and real data analysis, we compare BaySCA with
several benchmarking methods, including SingleR, scmap-cell, CaSTLe,
SCINA, and scSorter. Our results demonstrate that BaySCA outper-forms
existing tools, particularly in the robust detection and classification of
unknown cell types.
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Hierarchical Bayesian Estimation of Fatigue Limit Models
from Small Samples
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In the reliability assessment of engineering materials, accurate fatigue life
prediction and S-N curve establishment are essential for structural integrity.
However, high-cycle fatigue testing is often limited by high costs and long
durations, resulting in small sample sizes. Although Hong (2025) proposed
the M2 and M3 frameworks using the Limited Failure Population (LFP)
concept to handle censored data, traditional Maximum Likelihood
Estimation (MLE) still suffers from systematic underestimation of the
scale parameter in small-sample scenarios.

This study proposes a hierarchical Bayesian model (HBM) with a data-
driven physical consistency prior centered on the fatigue limit. By treating
the fatigue limit as the primary parameter and making the intercept and
slope conditionally dependent on it, the model stabilizes parameter
exploration. The prior automatically adjusts the distributional shape of the
fatigue limit according to observed data, effectively controlling its
proximity to the minimum observed failure stress and ensuring physical
plausibility.

Empirical results on real metallic material fatigue datasets show that the
proposed model effectively corrects the scale parameter underestimation
bias of MLE. The resulting S-N curve confidence bands comprehensively
account for hyperparameter uncertainty, providing more conservative and
physically meaningful estimates. Overall, this study demonstrates a robust
Bayesian framework that enhances the reliability of fatigue life prediction
under limited data conditions.

Keywords: Hierarchical Bayesian Model (HBM), Fatigue Limit, Small-
Sample Analysis, Physical Consistency Prior, S-N Curve.
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Proximal Causal Inference for a Path-Specific Effect in the
Presence of a Recanting Witness

* R R
R FEL SRy p R P e o

# &

A common challenge in causal mediation analysis is the presence of
unmeasured confounding, which renders standard identification strategies
invalid. A further complication arises when the treatment affects an
intermediate variable, known as a recanting witness, that subsequently
confounds the relationship between the mediator and the outcome,
precluding identification of natural direct/indirect effects under
conventional no-unmeasured-confounding assumptions. In this work, we
consider identification and estimation of the path-specific effect of a binary
treatment on an outcome through a mediator, in settings where both
unmeasured confounding and a recanting witness are present. Building on
the proximal causal inference framework, we establish four nonparametric
identification results for the target estimand by leveraging a pair of proxy
variables to recover information about the unmeasured confounder. We
then derive the efficient influence function under a semiparametric model
that imposes no restrictions on the observed data distribution beyond the
existence of the relevant bridge functions, and propose a multiply robust
estimator based on the efficient influence function that remains consistent
whenever any one of four combinations of working models is correctly
specified.
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Maximum Likelihood and Bayesian Inference for Finite
Mixtures of Contaminated Normal Linear Mixed-effects
Models
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Finite mixtures of linear mixed-effects (FM-LME) models have become a
commonly used tool for clustering longitudinal data with heterogeneity.
However, the conventional assumption of normality in the FM-LME model
may be sensitive to mild outliers or contaminated points. This thesis
extends the FM-LME model by considering the multivariate contaminated
normal (MCN) distributions for component random effects and within-
subjects errors, referred to as the finite mixtures of contaminated normal
linear mixed-effects (FM-CNLME) model henceforth. Comparing with the
multivariate normal distribution, the MCN distribution has two extra
parameters: one for controlling the proportion of mild outliers and the other
for specifying the degree of contamination, improving the robustness of the
estimation results. Regarding the inference of parameters as well as latent
data in the model, we develop two approaches: maximum likelihood (ML)
estimation and Bayesian inference. For carrying out ML estimation, an
efficient alternating expectation conditional maximization (AECM)
algorithm is provided. From a fully Bayesian viewpoint, Markov Chain
Monte Carlo (MCMC) sampling procedure, which combines the Gibbs
sampler and Metropolis-Hastings (M-H) algorithm, is developed to
perform posterior inference. Numerical results show that, when dealing
with complex longitudinal data that have grouped structures and
contaminated observations, the FM-CNLME model can effectively
identify hidden groups, achieves better fitness of data, and offer more
accurate estimation of parameters as well as fitted responses compared
with the existing model. Our proposed model and methods are applied to
real-data examples to demonstrate their practical values and efficiency.
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