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MULTISCALE POISSON PROCESS APPROACHES FOR DETECTING AND
ESTIMATING DIFFERENCES FROM HIGH-THROUGHPUT SEQUENCING

ASSAYS

BY HEEJUNG SHIM1,a, ZHENGRONG XING2,b, ESTER PANTALEO2,c,
FRANCESCA LUCA3,d, ROGER PIQUE-REGI4,e AND MATTHEW STEPHENS5,f

1School of Mathematics and Statistics and Melbourne Integrative Genomics, University of Melbourne,
aheejung.shim@unimelb.edu.au

2Department of Statistics, University of Chicago, bxiamanoobix@gmail.com, cesterpantaleo@gmail.com
3Department of Obstetrics and Gynecology and Center for Molecular Medicine and Genetics, Wayne State University,

dfluca@wayne.edu
4Center for Molecular Medicine and Genetics, Wayne State University, erpique@wayne.edu
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Estimating and testing for differences in molecular phenotypes (e.g., gene
expression, chromatin accessibility, transcription factor binding) across con-
ditions is an important part of understanding the molecular basis of gene reg-
ulation. These phenotypes are commonly measured using high-throughput
sequencing assays (e.g., RNA-seq, ATAC-seq, ChIP-seq), which provide
high-resolution count data that reflect how the phenotypes vary along the
genome. Multiple methods have been proposed to help exploit these high-
resolution measurements for differential expression analysis. However, they
ignore the count nature of the data, instead using normal distributions that
work well only for data with large sample sizes or high counts. Here we de-
velop count-based methods to address this problem. We model the data for
each sample using an inhomogeneous Poisson process with spatially struc-
tured underlying intensity function and then, building on multiscale models
for the Poisson process, estimate and test for differences in the underlying
intensity function across samples (or groups of samples). Using both simula-
tion and real ATAC-seq data, we show that our method outperforms previous
normal-based methods, especially in situations with small sample sizes or
low counts.
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Passenger flow surveillance in urban transport systems has emerged as
a major global issue for smart city management. Governments are taking
proper measures to monitor passenger flow in order to maintain social stabil-
ity and to prevent unexpected group events. It is critical to develop a passen-
ger flow surveillance system that continuously monitors the passenger flow
over time and triggers a signal as soon as the passenger flow begins to deterio-
rate so that timely government intervention can be implemented. In this paper
passenger flow surveillance is novelly formulated as dynamic modeling and
online monitoring of tensor data streams. Existing tensor monitoring meth-
ods either rely heavily on the assumption that the tensor coefficients exhibit
a low-rank structure or are inapplicable to general-order tensors. We propose
a unified monitoring framework based on the tensor normal distribution to
overcome these challenges. We begin by developing a tensor model selection
procedure that ensures that the chosen tensor structure strikes a balance be-
tween model complexity and estimation accuracy. Then we propose an online
estimation procedure to dynamically estimate the tensor parameters on which
sequential change-detection procedures, using the generalized likelihood ra-
tio test, are proposed. Extensive simulations and an analysis of real passenger
flow data in Hong Kong demonstrate the efficacy of our approach.
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Brain structural networks are often represented as discrete adjacency ma-
trices with elements summarizing the connectivity between pairs of regions
of interest (ROIs). These ROIs are typically determined a priori using a brain
atlas. The choice of atlas is often arbitrary and can lead to a loss of important
connectivity information at the sub-ROI level. This work introduces an atlas-
free framework that overcomes these issues by modeling brain connectivity
using smooth random functions. In particular, we assume that the observed
pattern of white matter fiber tract endpoints is driven by a latent random func-
tion defined over a product manifold domain. To facilitate statistical analysis
of these high-dimensional functional data objects, we develop a novel al-
gorithm to construct a data-driven reduced-rank function space that offers a
desirable trade-off between computational complexity and flexibility. Using
real data from the Human Connectome Project, we show that our method out-
performs state-of-the-art approaches that use the traditional atlas-based struc-
tural connectivity representation on a variety of connectivity analysis tasks.
We further demonstrate how our method can be used to detect localized re-
gions and connectivity patterns associated with group differences.
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Understanding how genetic variation affects gene expression is essential
for a complete picture of the functional pathways that give rise to complex
traits. Although numerous studies have established that many genes are dif-
ferentially expressed in distinct human tissues and cell types, no tools exist
for identifying the genes whose expression is differentially regulated. Here
we introduce DRAB (differential regulation analysis by bootstrapping), a
gene-based method for testing whether patterns of genetic regulation are sig-
nificantly different between tissues or other biological contexts. DRAB first
leverages the elastic net to learn context-specific models of local genetic reg-
ulation and then applies a novel bootstrap-based model comparison test to
check their equivalency. Unlike previous model comparison tests, our pro-
posed approach can determine whether population-level models have equal
predictive performance by accounting for the variability of feature selection
and model training. We validated DRAB on mRNA expression data from a
variety of human tissues in the Genotype-Tissue Expression (GTEx) Project.
DRAB yielded biologically reasonable results and had sufficient power to de-
tect genes with tissue-specific regulatory profiles while effectively controlling
false positives. By providing a framework that facilitates the prioritization of
differentially regulated genes, our study enables future discoveries on the ge-
netic architecture of molecular phenotypes.
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Electronic health records (EHRs) are increasingly recognized as a cost-
effective resource for patient recruitment in clinical research. However, how
to optimally select a cohort from millions of individuals to answer a scientific
question of interest remains unclear. Consider a study to estimate the mean or
mean difference of an expensive outcome. Inexpensive auxiliary covariates
predictive of the outcome may often be available in patients’ health records,
presenting an opportunity to recruit patients selectively, which may improve
efficiency in downstream analyses. In this paper we propose a two-phase sam-
pling design that leverages available information on auxiliary covariates in
EHR data. A key challenge in using EHR data for multiphase sampling is the
potential selection bias, because EHR data are not necessarily representative
of the target population. Extending existing literature on two-phase sampling
design, we derive an optimal two-phase sampling method that improves effi-
ciency over random sampling while accounting for the potential selection bias
in EHR data. We demonstrate the efficiency gain from our sampling design
via simulation studies and an application evaluating the prevalence of hy-
pertension among U.S. adults leveraging data from the Michigan Genomics
Initiative, a longitudinal biorepository in Michigan Medicine.
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Intratumor heterogeneity (ITH) of tumor-infiltrated leukocytes (TILs) is
an important phenomenon of cancer biology with potentially profound clini-
cal impacts. Multiregion gene expression sequencing data provide a promis-
ing opportunity that allows for explorations of TILs and their intratumor het-
erogeneity for each subject. Although several existing methods are available
to infer the proportions of TILs, considerable methodological gaps exist for
evaluating intratumor heterogeneity of TILs with multiregion gene expression
data. Here we develop ICeITH, immune cell estimation reveals intratumor
heterogeneity, a Bayesian hierarchical model that borrows cell-type profiles
as prior knowledge to decompose mixed bulk data while accounting for
the within-subject correlations among tumor samples. ICeITH quantifies in-
tratumor heterogeneity by the variability of targeted cellular compositions.
Through extensive simulation studies, we demonstrate that ICeITH is more
accurate in measuring relative cellular abundance and evaluating intratumor
heterogeneity compared with existing methods. We also assess the ability of
ICeITH to stratify patients by their intratumor heterogeneity score and asso-
ciate the estimations with the survival outcomes. Finally, we apply ICeITH to
two multiregion gene expression datasets from lung cancer studies to classify
patients into different risk groups according to the ITH estimations of targeted
TILs that shape either pro- or antitumor processes. In conclusion, ICeITH is
a useful tool to evaluate intratumor heterogeneity of TILs from multiregion
gene expression data.
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Network models are useful tools for modelling complex associations. In
statistical omics such models are increasingly popular for identifying and as-
sessing functional relationships and pathways. If a Gaussian graphical model
is assumed, conditional independence is determined by the nonzero entries
of the inverse covariance (precision) matrix of the data. The Bayesian graph-
ical horseshoe estimator provides a robust and flexible framework for preci-
sion matrix inference, as it introduces local, edge-specific parameters which
prevent over-shrinkage of nonzero off-diagonal elements. However, its ap-
plicability is currently limited in statistical omics settings, which often in-
volve high-dimensional data from multiple conditions that might share com-
mon structures. We propose: (i) a scalable expectation conditional maximi-
sation (ECM) algorithm for the original graphical horseshoe and (ii) a novel
joint graphical horseshoe estimator, which borrows information across mul-
tiple related networks to improve estimation. We show numerically that our
single-network ECM approach is more scalable than the existing graphical
horseshoe Gibbs implementation, while achieving the same level of accuracy.
We also show that our joint-network proposal successfully leverages shared
edge-specific information between networks while still retaining differences,
outperforming state-of-the-art methods at any level of network similarity. Fi-
nally, we leverage our approach to clarify gene regulation activity within and
across immune stimulation conditions in monocytes, and formulate hypothe-
ses on the pathogenesis of immune-mediated diseases.
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Patients with Alzheimer’s disease (AD) often exhibit substantial hetero-
geneity in disease progression due to multiple genetic causes for such a com-
plex disease. Investigating diverse subtypes of neurodegeneration and indi-
vidualized disease progression is essential for early diagnosis and precision
medicine. In this article we present a novel joint mixed membership model
for multivariate longitudinal AD-related biomarkers and time of AD diagno-
sis. Unlike conventional finite mixture models that assign each subject a sin-
gle subgroup membership, the proposed model assigns partial membership
across subgroups, allowing subjects to lie between two or more subgroups.
This flexible structure enables individualized disease progression and facil-
itates the identification of clinically meaningful neurological statuses often
elusive in current mixed effects models. We employ a spline-based trajectory
model to characterize complex and possibly nonlinear patterns of multiple
longitudinal clinical markers. A Cox model is then used to examine the effects
of time-variant risk factors on the hazard of developing AD. We develop a
Bayesian method coupled with efficient Markov chain Monte Carlo sampling
schemes to perform statistical inference. The proposed approach is assessed
through extensive simulation studies and an application to the Alzheimer’s
Disease Neuroimaging Initiative study, showing a better performance in AD
diagnosis than existing joint models.
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OUTCOME-GUIDED DISEASE SUBTYPING BY GENERATIVE MODEL AND
WEIGHTED JOINT LIKELIHOOD IN TRANSCRIPTOMIC APPLICATIONS
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With advances in high-throughput technology, molecular disease sub-
typing by high-dimensional omics data has been recognized as an effective
approach for identifying subtypes of complex diseases with distinct disease
mechanisms and prognoses. Conventional cluster analysis takes omics data as
input and generates patient clusters with similar gene expression pattern. The
omics data, however, usually contain multifaceted cluster structures that can
be defined by different sets of genes. If the gene set associated with irrelevant
clinical variables (e.g., sex or age) dominates the clustering process, the re-
sulting clusters may not capture clinically meaningful disease subtypes. This
motivates the development of a clustering framework with guidance from a
prespecified disease outcome, such as lung function measurement or survival,
in this paper. We propose two disease subtyping methods by omics data with
outcome guidance using a generative model or a weighted joint likelihood.
Both methods connect an outcome association model and a disease subtyp-
ing model by a latent variable of cluster labels. Compared to the generative
model, weighted joint likelihood contains a data-driven weight parameter to
balance the likelihood contributions from outcome association and gene clus-
ter separation, which improves generalizability in independent validation but
requires heavier computing. Extensive simulations and two real applications
in lung disease and triple-negative breast cancer demonstrate superior disease
subtyping performance of the outcome-guided clustering methods in terms of
disease subtyping accuracy, gene selection and outcome association. Unlike
existing clustering methods, the outcome-guided disease subtyping frame-
work creates a new precision medicine paradigm to directly identify patient
subgroups with clinical association.
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VIA B-SPLINE PROCESSES WITH LOCALLY-ADAPTIVE
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Although the analysis of human mortality has a well-established history,
the attempt to accurately forecast future death-rate patterns for different age
groups and time horizons still attracts active research. Such a predictive fo-
cus has motivated an increasing shift toward more flexible representations of
age-specific period mortality trajectories at the cost of reduced interpretabil-
ity. Although this perspective has led to successful predictive strategies, the
inclusion of interpretable structures in modeling of human mortality can be,
in fact, beneficial for improving forecasts. We pursue this direction via a novel
B-spline process with locally-adaptive dynamic coefficients. Such a process
outperforms state-of-the-art forecasting strategies by explicitly incorporating
the core structures of period mortality within an interpretable formulation
which enables inference on age-specific mortality trends and the correspond-
ing rates of change across time. This is obtained by modeling the age-specific
death counts via a Poisson log-normal model parameterized through a lin-
ear combination of B-spline bases with dynamic coefficients that character-
ize time changes in mortality rates via suitably defined stochastic differential
equations. While flexible, the resulting formulation can be accurately approx-
imated by a Gaussian state-space model that facilitates closed-form Kalman
filtering, smoothing and forecasting, for both the trends of the spline coeffi-
cients and the corresponding first derivatives, which measure rates of change
in mortality for different age groups. As illustrated in applications to mortality
data from different countries, the proposed model outperforms state-of-the-
art methods, both in point forecasts and in calibration of predictive intervals.
Moreover, it unveils substantial differences in mortality patterns across coun-
tries and ages, both in the past decades and during the COVID-19 pandemic.
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LATENT CONJUNCTIVE BAYESIAN NETWORK: UNIFY ATTRIBUTE
HIERARCHY AND BAYESIAN NETWORK FOR COGNITIVE DIAGNOSIS

BY SEUNGHYUN LEEa AND YUQI GUb

Department of Statistics, Columbia University, asl4963@columbia.edu, byuqi.gu@columbia.edu

Cognitive diagnostic assessment aims to measure specific knowledge
structures in students. To model data arising from such assessments, cogni-
tive diagnostic models with discrete latent variables have gained popularity in
educational and behavioral sciences. In a learning context, the latent variables
often denote sequentially acquired skill attributes, which is often modeled by
the so-called attribute hierarchy method. One drawback of the traditional at-
tribute hierarchy method is that its parameter complexity varies substantially
with the hierarchy’s graph structure, lacking statistical parsimony. Addition-
ally, arrows among the attributes do not carry an interpretation of statistical
dependence. Motivated by these, we propose a new family of latent conjunc-
tive Bayesian networks (LCBNs), which rigorously unify the attribute hier-
archy method for sequential skill mastery and the Bayesian network model
in statistical machine learning. In an LCBN the latent graph not only retains
the hard constraints on skill prerequisites as an attribute hierarchy but also
encodes nice conditional independence interpretation as a Bayesian network.
LCBNs are identifiable, interpretable, and parsimonious statistical tools to
diagnose students’ cognitive abilities from assessment data. We propose an
efficient two-step EM algorithm for structure learning and parameter estima-
tion in LCBNs and establish the consistency of this procedure. Application
of our method to an international educational assessment dataset gives inter-
pretable findings of cognitive diagnosis.
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QUANTILE REGRESSION DECOMPOSITION ANALYSIS OF DISPARITY
RESEARCH USING COMPLEX SURVEY DATA: APPLICATION TO

DISPARITIES IN BMI AND TELOMERE LENGTH BETWEEN
U.S. MINORITY AND WHITE POPULATION GROUPS

BY HYOKYOUNG G. HONG1,a, BARRY I. GRAUBARD1,b, JOSEPH L. GASTWIRTH2,c AND

MI-OK KIM3,d

1Biostatistics Branch, Division of Cancer Epidemiology and Genetics, NCI/NIH, agrace.hong@nih.gov, bgraubarb@nih.gov
2Department of Statistics, George Washington University, cjlgast@gwu.edu

3Department of Epidemiology and Biostatistics, University of California San Francisco, dmiok.kim@ucsf.edu

We develop a quantile regression decomposition (QRD) method for an-
alyzing observed disparities (OD) between population groups in socioeco-
nomic and health-related outcomes for complex survey data. The conven-
tional decomposition approaches use the conditional mean regression to de-
compose the disparity into two parts, the part explained by the difference
arising from the different distributions in the explanatory covariates and the
remaining part, which is unexplained by the covariates. Many socioeconomic
and health outcomes exhibit heteroscedastic distributions, where the mag-
nitude of observed disparities varies across different quantiles of these out-
comes. Thus, differences in the explanatory covariates may account for vary-
ing differences in the OD across the quantiles of the outcome. The QRD can
identify where there are greater differences in the outcome distribution, for
example, 90th quantile, and how important the covariates are in explaining
those differences. Much socioeconomic and health research relies on com-
plex surveys, such as the National Health and Nutrition Examination Survey
(NHANES), that oversample individuals from disadvantaged/minority pop-
ulation groups in order to provide improved precision. QRD has not been
extended to the complex survey setting. We improve the QRD approach pro-
posed in Machado and Mata (2005) to yield more reliable estimates at the
quantiles, where the data are sparse, and extend it to the complex survey set-
ting. We also propose a perturbation-based variance estimation method. Sim-
ulation studies indicate that the estimates of the unexplained portions of the
OD across quantiles are unbiased and the coverage of the confidence inter-
vals are close to nominal value. This methodology is used to study disparities
in body mass index (BMI) and telomere length between race/ethnic groups
estimated from the NHANES data.
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A crucial challenge for solving problems in conflict research is in lever-
aging the semisupervised nature of the data that arise. Observed response
data, such as counts of battle deaths over time, indicate latent processes of in-
terest, such as intensity and duration of conflicts, but defining and labeling in-
stances of these unobserved processes requires nuance and imprecision. The
availability of such labels, however, would make it possible to study the effect
of intervention-related predictors—such as ceasefires—directly on conflict
dynamics (e.g., latent intensity) rather than through an intermediate proxy,
like observed counts of battle deaths. Motivated by this problem and the new
availability of the ETH-PRIO Civil Conflict Ceasefires data set, we propose
a Bayesian autoregressive (AR) hidden Markov model (HMM) framework as
a sufficiently flexible machine learning approach for semisupervised regime
labeling with uncertainty quantification. We motivate our approach by illus-
trating the way it can be used to study the role that ceasefires play in shaping
conflict dynamics. This ceasefires data set is the first systematic and glob-
ally comprehensive data on ceasefires, and our work is the first to analyze
this new data and to explore the effect of ceasefires on conflict dynamics in a
comprehensive and cross-country manner.
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SEMIPARAMETRIC ESTIMATION FOR DYNAMIC NETWORKS WITH
SHIFTED CONNECTING INTENSITIES
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Neural circuits are of paramount importance in the nervous system, as
they are the essential infrastructure in guiding animal behavior. However,
modeling the development of neural circuits poses significant challenges due
to inherent properties of the development process. First, the neural circuit de-
velopment process is transient, where the course of development can only be
observed once. Second, despite potentially sharing similar underlying mech-
anisms for development, neural circuits from different subjects possess dis-
tinct sets of neurons, which limits the sharing of information across subjects.
Third, neurons have diverse, unobserved activation times, which may ob-
scure the analysis of neural activities. In light of these challenges, this study
presents a novel approach aimed at clustering neurons based on their con-
necting behaviors while accommodating disparities at the neuron level. To
this end, we propose a dynamic stochastic block model that accommodates
unknown time shifts. We establish the conditions that guarantee the identifi-
ability of cluster memberships of nodes and representative connecting inten-
sities across clusters. Using methods for shape invariant models, we propose
computationally efficient semiparametric estimation procedures to simultane-
ously estimate time shifts, cluster memberships, and connecting intensities.
We illustrate the performance of the proposed procedures via extensive simu-
lation experiments. We further apply the proposed method on a motor circuit
development data from zebrafish to reveal distinct roles of neurons and iden-
tify representative connecting behaviors.
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Some patients with COVID-19 show changes in signs and symptoms,
such as temperature and oxygen saturation days before being positively tested
for SARS-CoV-2, while others remain asymptomatic. It is important to iden-
tify these subgroups and to understand what biological and clinical predictors
are related to these subgroups. This information will provide insights into
how the immune system may respond differently to infection and can further
be used to identify infected individuals. We propose a flexible nonparamet-
ric mixed-effects mixture model that identifies risk factors and classifies pa-
tients with biological changes. We model the latent probability of biological
changes using a logistic regression model and trajectories in the latent groups
using smoothing splines. We developed an EM algorithm to maximize the
penalized likelihood for estimating all parameters and mean functions. We
evaluate our methods by simulations and apply the proposed model to inves-
tigate changes in temperature in a cohort of COVID-19-infected hemodialysis
patients.
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The consequence of a change in school leadership (e.g., principal
turnover) on student achievement has important implications for education
policy. The impact of such an event can be estimated via the popular differ-
ence in difference (DiD) estimator, where those schools with a turnover event
are compared to a selected set of schools that did not have such an event.
The strength of this comparison depends on the plausibility of the “paral-
lel trends” assumption that the “treated group” of those schools which had
leadership turnover, absent such turnover, would have changed “similarly”
to those which did not. To bolster such a claim, one might generate a com-
parison group, via matching, that is similar to the treated group with respect
to pretreatment outcomes and/or pretreatment covariates. Unfortunately, as
has been previously pointed out, this intuitively appealing approach also has
a cost in terms of bias. To assess the trade-offs of matching in our applica-
tion, we first characterize the bias of matching prior to a DiD analysis under
a linear structural model that allows for time-invariant observed and unob-
served confounders with time-varying effects on the outcome. Given our
framework, we verify that matching on baseline covariates generally reduces
bias. We further show how additionally matching on pretreatment outcomes
has both cost and benefit. First, matching on pretreatment outcomes partially
balances unobserved confounders, which mitigates some bias. This reduction
is proportional to the outcome’s reliability, a measure of how coupled the
outcomes are with the latent covariates. Offsetting these gains, matching also
injects bias into the final estimate by undermining the second difference in the
DiD via a regression-to-the-mean effect. Consequently, we provide heuristic
guidelines for determining to what degree the bias reduction of matching is
likely to outweigh the bias cost. We illustrate our guidelines by reanalyzing a
principal turnover study that used matching prior to a DiD analysis and find
that matching on both the pretreatment outcomes and observed covariates
makes the estimated treatment effect more credible.
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A LATENT PROCESS MODEL FOR MONITORING PROGRESS TOWARD
HARD-TO-MEASURE TARGETS WITH APPLICATIONS TO MENTAL

HEALTH AND ONLINE EDUCATIONAL ASSESSMENTS
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The recent shift to remote learning and work has aggravated long-
standing problems, such as the problem of monitoring the mental health of
individuals and the progress of students toward learning targets. We intro-
duce a novel latent process model with a view to monitoring the progress
of individuals toward a hard-to-measure target of interest and measured by a
set of variables. The latent process model is based on the idea of embedding
both individuals and variables measuring progress toward the target of inter-
est in a shared metric space, interpreted as an interaction map that captures
interactions between individuals and variables. The fact that individuals are
embedded in the same metric space as the target helps assess the progress of
individuals toward the target. We demonstrate, with the help of simulations
and applications, that the latent process model enables a novel look at mental
health and online educational assessments in disadvantaged subpopulations.
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Causal inference methods can be applied to estimate the effect of a point
exposure or treatment on an outcome of interest using data from observational
studies. For example, in the Women’s Interagency HIV Study, it is of interest
to understand the effects of incarceration on the number of sexual partners
and the number of cigarettes smoked after incarceration. In settings like this
where the outcome is a count, the estimand is often the causal mean ratio,
that is, the ratio of the counterfactual mean count under exposure to the coun-
terfactual mean count under no exposure. This paper considers estimators
of the causal mean ratio based on inverse probability of treatment weights,
the parametric g-formula, and doubly robust estimation, each of which can
account for overdispersion, zero-inflation, and heaping in the measured out-
come. Methods are compared in simulations and are applied to data from the
Women’s Interagency HIV Study.
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Predicting time-to-event outcomes using time-dependent covariates is a
challenging problem. Many machine learning approaches, such as tree-based
methods and support vector regression, predominantly utilize only baseline
covariates. Only a few methods can incorporate time-dependent covariates,
but they often lack theoretical justification. In this paper we present a new
framework for event time prediction, leveraging the support vector machines
to forecast the associated counting processes. Utilizing the kernel trick, we
accommodate nonlinear functions in both time and covariate spaces. Subse-
quently, we use a chain algorithm to predict future events. Theoretical anal-
ysis proves that our method is equivalent to comparing time-varying hazard
rates among at-risk subjects, and we obtain the convergence rate of the re-
sulting prediction loss. Through simulation studies and a case study on Hunt-
ington’s disease, we demonstrate the superior performance of our approach
compared to alternative methods based on machine learning, deep learning,
and statistical models.
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The surroundings of a cancerous tumor impact how it grows and devel-
ops in humans. New data from early breast cancer patients contains informa-
tion on the collagen fibers surrounding the tumorous tissue—offering hope
of finding additional biomarkers for diagnosis and prognosis—but poses two
challenges for typical analysis. Each image section contains information on
hundreds of fibers, and each tissue has multiple image sections contributing
to a single prediction of tumor vs. nontumor. This nested relationship of fibers
within image spots within tissue samples requires a specialized analysis ap-
proach.

We devise a novel support vector machine (SVM)-based predictive algo-
rithm for this data structure. By treating the collection of fibers as a probabil-
ity distribution, we can measure similarities between the collections through
a flexible kernel approach. By assuming the relationship of tumor status be-
tween image sections and tissue samples, the constructed SVM problem is
nonconvex, and traditional algorithms can not be applied. We propose two
algorithms that exchange computational accuracy and efficiency to manage
data of all sizes. The predictive performance of both algorithms is evaluated
on the collagen fiber data set and additional simulation scenarios. We offer
reproducible implementations of both algorithms of this approach in the R
package mildsvm.
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Case-control experiments are essential to the scientific method, as they
allow researchers to test biological hypotheses by looking for differences in
outcome between cases and controls. It is then of interest to characterize vari-
ation that is enriched in a “foreground” (case) dataset relative to a “back-
ground” (control) dataset. For example, in a genomics context, the goal is
to identify low-dimensional transcriptional structure unique to patients with
certain disease (cases) vs. those without that disease (controls). In this work
we propose probabilistic contrastive principal component analysis (PCPCA),
a probabilistic dimension reduction method designed for case-control data.
We describe inference in PCPCA through a contrastive likelihood and show
that our model generalizes PCA, probabilistic PCA, and contrastive PCA.
We discuss how to set the tuning parameter in theory and in practice, and we
show several of PCPCA’s advantages in the analysis of case-control data over
related methods, including greater interpretability, uncertainty quantification
and principled inference, robustness to noise and missing data, and the abil-
ity to generate “foreground-enriched” data from the model. We demonstrate
PCPCA’s performance on case-control data through a series of simulations,
and we successfully identify variation specific to case data in genomic case-
control experiments with data modalities, including gene expression, protein
expression, and images.
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Motivated by an interest in predicting the status of road traffic congestion
within a short period, this paper presents a generalized functional linear re-
gression model for predicting traffic breakdown probabilities. In this model,
traffic congestion status is the response variable, and we utilize the observed
traffic speed trajectories and their first two derivatives as functional predic-
tors, representing different features of a random function. While the deriva-
tives of a trajectory may contain useful information, they cannot be observed
directly and so must be estimated. To address this challenge, we apply the
Karhunen–Loève representation to individual functional predictors, includ-
ing the trajectory and its derivatives. The regression model is reparameterized
to represent both the integrated regression effect and the predictor-specific
effects. The importance of these effects is indicated by the corresponding
weight parameters. We also provide the consistency properties of the estima-
tors relating to the derivative functional principal components and the regres-
sion parameter functions. In our simulation study, we find that the modeling
approach is useful in its application to freeway traffic data; in particular, the
use of speed trajectory derivatives as predictors for traffic status successfully
enhances prediction accuracy.
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This paper is motivated by the analysis of a survey study focusing on col-
lege student well-being before and after the COVID-19 pandemic outbreak.
A statistical challenge in well-being studies lies in the multidimensionality
of outcome variables, recorded in various scales such as continuous, binary,
or ordinal. The presence of mixed data complicates the examination of their
relationships when adjusting for important covariates. To address this chal-
lenge, we propose a unifying framework for studying partial association be-
tween mixed data. We achieve this by defining a unified residual using the
surrogate method. The idea is to map the residual randomness to a consistent
continuous scale, regardless of the original scales of outcome variables. This
framework applies to parametric or semiparametric models for covariate ad-
justments. We validate the use of such residuals for assessing partial associa-
tion, introducing a measure that generalizes classical Kendall’s tau to capture
both partial and marginal associations. Moreover, our development advances
the theory of the surrogate method by demonstrating its applicability without
requiring outcome variables to have a latent variable structure. In the anal-
ysis of the college student well-being survey, our proposed method unveils
the contingency of relationships between multidimensional well-being mea-
sures and micro personal risk factors (e.g., physical health, loneliness, and
accommodation) as well as the macro disruption caused by COVID-19.
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Functional connectivity of the brain, characterized by interconnected
neural circuits across functional networks, is a cutting-edge feature in neu-
roimaging. It has the potential to mediate the effect of genetic variants on
behavioral outcomes or diseases. Existing mediation analysis methods can
evaluate the impact of genetics and brain structure/function on cognitive be-
havior or disorders, but they tend to be limited to single genetic variants or
univariate mediators, without considering cumulative genetic effects and the
complex matrix and group and network structures of functional connectivity.
To address this gap, the paper presents an integrative network-based media-
tion model (NMM) that estimates the effect of multiple genetic variants on
behavioral outcomes or diseases mediated by functional connectivity. The
model incorporates group information of inter-regions at broad network level
and imposes low-rank and sparse assumptions to reflect the complex struc-
tures of functional connectivity and selecting network mediators simultane-
ously. We adopt block coordinate descent algorithm to implement a fast and
efficient solution to our model. Simulation results indicate the efficacy of the
model in selecting active mediators and reducing bias in effect estimation.
With application to the Human Connectome Project Youth Adult (HCP-YA)
study of 493 young adults, two genetic variants (rs769448 and rs769449) on
the APOE4 gene are identified that lead to deficits in functional connectivity
within visual networks and fluid intelligence.
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In longitudinal studies, investigators are often interested in understand-
ing how the time since the occurrence of an intermediate event affects a future
outcome. The intermediate event is often asymptomatic such that its occur-
rence is only known to lie in a time interval induced by periodic examina-
tions. We propose a linear regression model that relates the time since the
occurrence of the intermediate event to a continuous response at a future time
point through a rectified linear unit activation function while formulating the
distribution of the time to the occurrence of the intermediate event through
the Cox proportional hazards model. We consider nonparametric maximum
likelihood estimation with an arbitrary sequence of examination times for
each subject. We present an EM algorithm that converges stably for arbi-
trary datasets. The resulting estimators of regression parameters are consis-
tent, asymptotically normal, and asymptotically efficient. We assess the per-
formance of the proposed methods through extensive simulation studies and
provide an application to the Atherosclerosis Risk in Communities Study.
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Mechanistic models fit to streaming surveillance data are critical for un-
derstanding the transmission dynamics of an outbreak as it unfolds in real-
time. However, transmission model parameter estimation can be imprecise,
sometimes even impossible, because surveillance data are noisy and not in-
formative about all aspects of the mechanistic model. To partially overcome
this obstacle, Bayesian models have been proposed to integrate multiple
surveillance data streams. We devised a modeling framework for integrat-
ing SARS-CoV-2 diagnostics test and mortality time series data as well as
seroprevalence data from cross-sectional studies and tested the importance
of individual data streams for both inference and forecasting. Importantly,
our model for incidence data accounts for changes in the total number of
tests performed. We apply our Bayesian data integration method to COVID-
19 surveillance data collected in Orange County, California, between March
2020 and February 2021 and find that 32–72% of the Orange County resi-
dents experienced SARS-CoV-2 infection by mid-January, 2021. Despite this
high number of infections, our results suggest that the abrupt end of the win-
ter surge in January 2021 was due to both behavioral changes and a high level
of accumulated natural immunity.
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In routine cancer care, various patient- and clinician-reported symp-
toms are collected throughout treatment. This informs a crucial part of clin-
ical research, particularly in studying the factors associated with symptom
underascertainment. To jointly analyze such discrete, multivariate, and po-
tentially high-dimensional repeated measures, we propose a Bayesian lon-
gitudinal generalized linear mixed model (BLGLMM). This model inte-
grates three key methodologies: a low-rank matrix decomposition to ap-
proximate the high-dimensional regression coefficient matrix, a sparse fac-
tor model to capture the dependence among multiple outcomes, and ran-
dom effects to account for the dependence among repeated responses. Pos-
terior computation is performed using an efficient Markov chain Monte
Carlo algorithm. We conduct simulations and provide an illustrative exam-
ple examining the factors associated with symptom underascertainment in
prostate cancer patients to demonstrate the efficacy and utility of our pro-
posed method.
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ASSESSING AQUATIC TOXICITY ASSESSMENT VIA A CLUSTERED
VARIANCE MODEL
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Motivated by the need to assess consistency in the outcomes of aquatic
toxicity tests conducted by different labs at different time points, we propose a
clustering of variance method in linear mixed models. The proposed method,
referred as CVM, is able to identify the cluster structure of the variances and
estimate model parameters simultaneously. In our proposed method, a penal-
ized approach based on pairwise penalties is proposed to identify the cluster
structure. We construct an optimization problem and develop an algorithm
based on the alternating direction method of multipliers. Simulation studies
show that the proposed approach can identify the cluster structure well and
outperforms traditional methods based on k-means. In the end, the proposed
approach is applied to the aquatic toxicity assessment data, which gives a
more reasonable cluster structure than the traditional methods.
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Directional relational event data, such as email data, often contain uni-
cast messages (i.e., messages of one sender toward one receiver) and multi-
cast messages (i.e., messages of one sender toward multiple receivers). The
Enron email data that is the focus in this paper consists of 31% multicast mes-
sages. Multicast messages contain important information about the roles of
actors in the network, which is needed for better understanding social interac-
tion dynamics. In this paper a multiplicative latent factor model is proposed
to analyze such relational data. For a given message, all potential receiver
actors are placed on a suitability scale, and the actors are included in the re-
ceiver set whose suitability score exceeds a threshold value. Unobserved het-
erogeneity in the social interaction behavior is captured using a multiplicative
latent factor structure with latent variables for actors (which differ for actors
as senders and receivers) and latent variables for individual messages. The
model is referred to as the multicast additive and multiplicative effects net-
work (mc-amen) model. A Bayesian computational algorithm, which relies
on Gibbs sampling, is proposed for model fitting. Model assessment is done
using posterior predictive checks. Numerical simulations show that the model
is widely applicable for various scenarios involving multicast messages. Fur-
thermore, a mc-amen model with a two-dimensional latent variable can accu-
rately capture the empirical distribution of the cardinality of the receiver set
and the composition of the receiver sets for commonly observed messages in
the Enron email data. In the Enron network, actors have a comparable (but
not identical) role as a sender and as a receiver in the network.
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Customer segmentation has wide applications in business activities, such
as personalized marketing and targeted product development. To realize cus-
tomer segmentation, clustering methods are commonly used. However, mod-
ern customer segmentation encounters challenges characterized by high-
dimensionality and mixed-type variables (i.e., the mixture of continuous vari-
ables and categorical variables). It brings great challenges to customer seg-
mentation, because most existing clustering methods are only designed for
data with one single type of variables. Furthermore, the existence of noise
variables highlights the necessity of simultaneous variable selection and data
clustering. Motivated by these issues, we develop a Davies–Bouldin index
based sparse clustering (DBI-SC) method for customer segmentation with
high-dimensional mixed-type data. In this method we define dissimilarity
measures for continuous variables and categorical variables separately. Then
an adjusted DBI criterion is designed to measure the contribution of each vari-
able to clustering. For variable selection we apply the sparse clustering frame-
work and introduce different penalty parameters for the mixed-type variables.
The screening consistency property of the DBI-SC method is also investi-
gated. Extensive simulation studies demonstrate the satisfactory performance
of the DBI-SC method in both clustering and variable selection. Finally, a
designated driving service dataset is analyzed for customer segmentation us-
ing the proposed method.
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Kidney transplantation is the most effective renal replacement therapy
for end stage renal disease patients. With the severe shortage of kidney sup-
plies and for the clinical effectiveness of transplantation, patient’s life ex-
pectancy posttransplantation is used to prioritize patients for transplantation;
however, severe comorbidity conditions and old age are the most dominant
factors that negatively impact posttransplantation life expectancy, effectively
precluding sick or old patients from receiving transplants. It would be cru-
cial to design objective measures to quantify the transplantation benefit by
comparing the mean residual life with and without a transplant, after adjust-
ing for comorbidity and demographic conditions. To address this urgent need,
we propose a new class of semiparametric covariate-dependent mean residual
life models. Our method estimates covariate effects semiparametrically effi-
ciently and the mean residual life function nonparametrically, enabling us to
predict the residual life increment potential for any given patient. Our method
potentially leads to a more fair system that prioritizes patients who would
have the largest residual life gains. Our analysis of the kidney transplant data
from the U.S. Scientific Registry of Transplant Recipients also suggests that a
single index of covariates summarize well the impacts of multiple covariates,
which may facilitate interpretations of each covariate’s effect. Our subgroup
analysis further disclosed inequalities in survival gains across groups defined
by race, gender and insurance type (reflecting socioeconomic status).

REFERENCES

AALEN, O. O., COOK, R. J. and RØYSLAND, K. (2015). Does Cox analysis of a randomized survival
study yield a causal treatment effect? Lifetime Data Anal. 21 579–593. MR3397507 https://doi.org/10.1007/
s10985-015-9335-y

AHMADI, S.-F., ZAHMATKESH, G., AHMADI, E., STREJA, E., RHEE, C. M., GILLEN, D. L., DE NICOLA, L.,
MINUTOLO, R., RICARDO, A. C. et al. (2016). Association of body mass index with clinical outcomes in
non-dialysis-dependent chronic kidney disease: A systematic review and meta-analysis. Cardiorenal Med. 6
37–49.

ALI, H., SOLIMAN, K., MOHAMED, M. M., RAHMAN, M., HERBERTH, J., FÜLÖP, T. and ELSAYED, I. (2021).
Impact of kidney transplantation on functional status. Ann. Med. 53 1303–1309.

ANDERSEN, P. K., BORGAN, Ø., GILL, R. D. and KEIDING, N. (1993). Statistical Models Based on
Counting Processes. Springer Series in Statistics. Springer, New York. MR1198884 https://doi.org/10.1007/
978-1-4612-4348-9

ANDERSEN, P. K., SYRIOPOULOU, E. and PARNER, E. T. (2017). Causal inference in survival analysis using
pseudo-observations. Stat. Med. 36 2669–2681. MR3670384 https://doi.org/10.1002/sim.7297

ASSFALG, V., SELIG, K., TOLKSDORF, J., VAN MEEL, M., DE VRIES, E., RAMSOEBHAG, A.-M., RAH-
MEL, A., RENDERS, L., NOVOTNY, A. et al. (2020). Repeated kidney re-transplantation—the Eurotransplant
experience: A retrospective multicenter outcome analysis. Transpl. Int. 33 617–631.

Key words and phrases. Mean residual life, kidney transplant, semiparametric efficient estimator, nonparamet-
ric estimation.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/24-AOAS1887
http://www.imstat.org
mailto:gzhao@pdx.edu
mailto:yzm63@psu.edu
mailto:linhz@swufe.edu.cn
mailto:yili@umich.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=3397507
https://doi.org/10.1007/s10985-015-9335-y
https://mathscinet.ams.org/mathscinet-getitem?mr=1198884
https://doi.org/10.1007/978-1-4612-4348-9
https://mathscinet.ams.org/mathscinet-getitem?mr=3670384
https://doi.org/10.1002/sim.7297
https://doi.org/10.1007/s10985-015-9335-y
https://doi.org/10.1007/978-1-4612-4348-9


AXELROD, D. A., GUIDINGER, M. K., FINLAYSON, S., SCHAUBEL, D. E., GOODMAN, D. C., CHOBA-
NIAN, M. and MERION, R. M. (2008). Rates of solid-organ wait-listing, transplantation, and survival among
residents of rural and urban areas. JAMA 299 202–207.

BAYLIS, C. (2009). Sexual dimorphism in the aging kidney: Differences in the nitric oxide system. Nat. Rev.
Nephrol. 5 384–396. https://doi.org/10.1038/nrneph.2009.90

BEDDHU, S. (2004). Hypothesis: The body mass index paradox and an obesity, inflammation, and atherosclerosis
syndrome in chronic kidney disease. In Seminars in Dialysis 17 229–232. Wiley, New York.

BICKEL, P. J., KLAASSEN, C. A. J., RITOV, Y. and WELLNER, J. A. (1993). Efficient and Adaptive Estimation
for Semiparametric Models. Johns Hopkins Series in the Mathematical Sciences. Johns Hopkins Univ. Press,
Baltimore, MD. MR1245941

BUI, K., KILAMBI, V. and MEHROTRA, S. (2019). Functional status-based risk-benefit analyses of high-KDPI
kidney transplant versus dialysis. Transplant. Int. 32 1297–1312. https://doi.org/10.1111/tri.13483

CARRERO, J. J. (2010). Gender differences in chronic kidney disease: Underpinnings and therapeutic implica-
tions. Kidney Blood Press. Res. 33 383–392. https://doi.org/10.1159/000320389

CARRERO, J. J., HECKING, M., CHESNAYE, N. C. and JAGER, K. J. (2018). Sex and gender disparities in
the epidemiology and outcomes of chronic kidney disease. Nat. Rev. Nephrol. 14 151–164. https://doi.org/10.
1038/nrneph.2017.181

CASELLA, G. and BERGER, R. L. (2001). Statistical Inference. Cengage Learning. MR1051420
CHADBAN, S. J., AHN, C., AXELROD, D. A., FOSTER, B. J., KASISKE, B. L., KHER, V., KUMAR, D., OBER-

BAUER, R., PASCUAL, J. et al. (2020). KDIGO clinical practice guideline on the evaluation and management
of candidates for kidney transplantation. Transplantation 104 S11–S103.

CHEN, Y. Q. (2007). Additive expectancy regression. J. Amer. Statist. Assoc. 102 153–166. MR2345536
https://doi.org/10.1198/016214506000000870

CHEN, Y. Q. and CHENG, S. (2005). Semiparametric regression analysis of mean residual life with censored
survival data. Biometrika 92 19–29. MR2158607 https://doi.org/10.1093/biomet/92.1.19

CHEN, Y. Q. and CHENG, S. (2006). Linear life expectancy regression with censored data. Biometrika 93 303–
313. MR2278085 https://doi.org/10.1093/biomet/93.2.303

CHEN, Y. Q., JEWELL, N. P., LEI, X. and CHENG, S. C. (2005). Semiparametric estimation of proportional
mean residual life model in presence of censoring. Biometrics 61 170–178. MR2135857 https://doi.org/10.
1111/j.0006-341X.2005.030224.x

COBO, G., HECKING, M., PORT, F. K., EXNER, I., LINDHOLM, B., STENVINKEL, P. and CARRERO, J. J.
(2016). Sex and gender differences in chronic kidney disease: Progression to end-stage renal disease and
haemodialysis. Clin. Sci. 130 1147–1163. https://doi.org/10.1042/CS20160047

COSIO, F. G., ALAMIR, A., YIM, S., PESAVENTO, T. E., FALKENHAIN, M. E., HENRY, M. L., ELKHAM-
MAS, E. A., DAVIES, E. A., BUMGARDNER, G. L. et al. (1998). Patient survival after renal transplantation:
I. The impact of dialysis pre-transplant. Kidney Inter. 53 767–772. https://doi.org/10.1046/j.1523-1755.1998.
00787.x

DEN DEKKER, W. K., SLOT, M. C., KHO, M. M. L., GALEMA, T. W., VAN DE WETERING, J., BOERSMA, E.
and ROODNAT, J. I. (2020). Predictors of postoperative cardiovascular complications up to 3 months after
kidney transplantation. Neth. Heart J. 28 202–209. https://doi.org/10.1007/s12471-020-01373-6

EVANS, R. W., MANNINEN, D. L., GARRISON, L. P. JR, HART, L. G., BLAGG, C. R., GUTMAN, R. A.,
HULL, A. R. and LOWRIE, E. G. (1985). The quality of life of patients with end-stage renal disease. N. Engl.
J. Med. 312 553–559.

FEDEWA, S. A., MCCLELLAN, W. M., JUDD, S., GUTIÉRREZ, O. M. and CREWS, D. C. (2014). The asso-
ciation between race and income on risk of mortality in patients with moderate chronic kidney disease. BMC
Nephrol. 15 1–9.

FENG, Y., HUANG, R., KAVANAGH, J., LI, L., ZENG, X., LI, Y. and FU, P. (2019). Efficacy and safety of dual
blockade of the renin–angiotensin–aldosterone system in diabetic kidney disease: A meta-analysis. Amer. J.
Cardiovasc. Drugs 19 259–286.

FERRI, F. F. (2017). Ferri’s Clinical Advisor 2018 e-Book: 5 Books in 1. Elsevier, MO.
FRIEDMAN, A. N., MISKULIN, D. C., ROSENBERG, I. H. and LEVEY, A. S. (2003). Demographics and trends

in overweight and obesity in patients at time of kidney transplantation. Amer. J. Kidney Dis. 41 480–487.
https://doi.org/10.1053/ajkd.2003.50059

GOLDFARB-RUMYANTZEV, A. S., KOFORD, J. K., BAIRD, B. C., CHELAMCHARLA, M., HABIB, A. N.,
WANG, B.-J., LIN, S., SHIHAB, F. and ISAACS, R. B. (2006). Role of socioeconomic status in kidney trans-
plant outcome. Clin. J. Amer. Soc. Nephrol. 1 313–322. https://doi.org/10.2215/CJN.00630805

GORE, J. L., DANOVITCH, G. M., LITWIN, M. S., PHAM, P. T. and SINGER, J. S. (2009). Disparities in the
utilization of live donor renal transplantation. Amer. J. Transplant. 9 1124–1133. https://doi.org/10.1111/j.
1600-6143.2009.02620.x

https://doi.org/10.1038/nrneph.2009.90
https://mathscinet.ams.org/mathscinet-getitem?mr=1245941
https://doi.org/10.1111/tri.13483
https://doi.org/10.1159/000320389
https://doi.org/10.1038/nrneph.2017.181
https://mathscinet.ams.org/mathscinet-getitem?mr=1051420
https://mathscinet.ams.org/mathscinet-getitem?mr=2345536
https://doi.org/10.1198/016214506000000870
https://mathscinet.ams.org/mathscinet-getitem?mr=2158607
https://doi.org/10.1093/biomet/92.1.19
https://mathscinet.ams.org/mathscinet-getitem?mr=2278085
https://doi.org/10.1093/biomet/93.2.303
https://mathscinet.ams.org/mathscinet-getitem?mr=2135857
https://doi.org/10.1111/j.0006-341X.2005.030224.x
https://doi.org/10.1042/CS20160047
https://doi.org/10.1046/j.1523-1755.1998.00787.x
https://doi.org/10.1007/s12471-020-01373-6
https://doi.org/10.1053/ajkd.2003.50059
https://doi.org/10.2215/CJN.00630805
https://doi.org/10.1111/j.1600-6143.2009.02620.x
https://doi.org/10.1038/nrneph.2017.181
https://doi.org/10.1111/j.0006-341X.2005.030224.x
https://doi.org/10.1046/j.1523-1755.1998.00787.x
https://doi.org/10.1111/j.1600-6143.2009.02620.x


HALL, W. J. and WELLNER, J. (1981). Mean residual life. In Statistics and Related Topics (Ottawa, Ont., 1980)
169–184. North-Holland, Amsterdam. MR0665274

HART, A., LENTINE, K., SMITH, J., MILLER, J., SKEANS, M., PRENTICE, M., ROBINSON, A., FOUTZ, J.,
BOOKER, S. et al. (2021). OPTN/SRTR 2019 annual data report: Kidney. Amer. J. Transplant. 21 21–137.

HERNANDEZ, D., RUFINO, M., ARMAS, S., GONZALEZ, A., GUTIERREZ, P., BARBERO, P., VIVANCOS, S.,
RODRÍGUEZ, C., DE VERA, J. R. et al. (2006). Retrospective analysis of surgical complications following
cadaveric kidney transplantation in the modern transplant era. Nephrol. Dial. Transplant. 21 2908–2915.

HUMAR, A. and MATAS, A. J. (2005). Surgical complications after kidney transplantation. In Seminars in Dial-
ysis 18 505–510. Wiley, New York.

IIDA, S., KONDO, T., AMANO, H., NAKAZAWA, H., ITO, F., HASHIMOTO, Y. and TANABE, K. (2008). Minimal
effect of cold ischemia time on progression to late-stage chronic kidney disease observed long term after partial
nephrectomy. Urology 72 1083–1088.

INGSATHIT, A., KAMANAMOOL, N., THAKKINSTIAN, A. and SUMETHKUL, V. (2013). Survival advantage
of kidney transplantation over dialysis in patients with hepatitis C: A systematic review and meta-analysis.
Transplantation 95 943–948. https://doi.org/10.1097/TP.0b013e3182848de2

JASSAL, S. V., SCHAUBEL, D. E. and FENTON, S. S. A. (2005). Baseline comorbidity in kidney transplant
recipients: A comparison of comorbidity indices. Amer. J. Kidney Dis. 46 136–142. https://doi.org/10.1053/j.
ajkd.2005.03.006

JEONG, J.-H., JUNG, S.-H. and COSTANTINO, J. P. (2008). Nonparametric inference on median residual life
function. Biometrics 64 157–163, 323–324. MR2422830 https://doi.org/10.1111/j.1541-0420.2007.00826.x

JUNG, S.-H., JEONG, J.-H. and BANDOS, H. (2009). Regression on quantile residual life. Biometrics 65 1203–
1212. MR2756508 https://doi.org/10.1111/j.1541-0420.2009.01196.x

KALANTAR-ZADEH, K., ABBOTT, K. C., SALAHUDEEN, A. K., KILPATRICK, R. D. and HORWICH, T. B.
(2005). Survival advantages of obesity in dialysis patients. Amer. J. Clin. Nutr. 81 543–554.

KALBFLEISCH, J. D. and PRENTICE, R. L. (1980). The Statistical Analysis of Failure Time Data. Wiley Series
in Probability and Mathematical Statistics. Wiley, New York. MR0570114

KASISKE, B. L., CANGRO, C. B., HARIHARAN, S., HRICIK, D. E., KERMAN, R. H., ROTH, D., RUSH, D. N.,
VAZQUEZ, M. A., WEIR, M. R. et al. (2001). The evaluation of renal transplantation candidates: Clinical
practice guidelines. Amer. J. Transplant. 1 3–95.

KASISKE, B. L., LONDON, W. and ELLISON, M. D. (1998). Race and socioeconomic factors influencing early
placement on the kidney transplant waiting list. J. Amer. Soc. Nephrol. 9 2142–2147. https://doi.org/10.1681/
ASN.V9112142

KAUFFMAN, H. M., CHERIKH, W. S., MCBRIDE, M. A., CHENG, Y. A., DELMONICO, F. L. and
HANTO, D. W. (2005). Transplant recipients with a history of a malignancy: Risk of recurrent and de novo
cancers. Transplant. Rev. 19 55–64.

KAYLER, L. K., MAGLIOCCA, J., ZENDEJAS, I., SRINIVAS, T. R. and SCHOLD, J. D. (2011). Impact of cold is-
chemia time on graft survival among ECD transplant recipients: A paired kidney analysis. Amer. J. Transplant.
11 2647–2656. https://doi.org/10.1111/j.1600-6143.2011.03741.x

KUCIRKA, L. M., PURNELL, T. S. and SEGEV, D. L. (2015). Improving access to kidney transplantation: Re-
ferral is not enough. JAMA 314 565–567.

LEWIS, J. et al. (2010). Racial differences in chronic kidney disease (CKD) and end-stage renal disease (ESRD)
in the United States: A social and economic dilemma. Clin. Nephrol. 74 S72–7.

LIEM, Y. S., BOSCH, J. L., ARENDS, L. R., HEIJENBROK-KAL, M. H. and HUNINK, M. M. (2007). Qual-
ity of life assessed with the medical outcomes study short form 36-item health survey of patients on renal
replacement therapy: A systematic review and meta-analysis. Value Health 10 390–397.

LIEM, Y. S. and WEIMAR, W. (2009). Early living-donor kidney transplantation: A review of the associated
survival benefit. Transplantation 87 317–318. https://doi.org/10.1097/TP.0b013e3181952710

LIM, W. H., CHAPMAN, J. R. and WONG, G. (2015). Peak panel reactive antibody, cancer, graft, and patient
outcomes in kidney transplant recipients. Transplantation 99 1043–1050.

LIN, H., FEI, Z. and LI, Y. (2016). A semiparametrically efficient estimator of the time-varying effects for
survival data with time-dependent treatment. Scand. J. Stat. 43 649–663. MR3543315 https://doi.org/10.1111/
sjos.12196

MA, Y. and WEI, Y. (2012). Analysis on censored quantile residual life model via spline smoothing. Statist.
Sinica 22 47–68. MR2933167 https://doi.org/10.5705/ss.2010.161

MA, Y. and YIN, G. (2010). Semiparametric median residual life model and inference. Canad. J. Statist. 38
665–679. MR2753008 https://doi.org/10.1002/cjs.10076

MA, Y. and ZHANG, X. (2015). A validated information criterion to determine the structural dimension in di-
mension reduction models. Biometrika 102 409–420. MR3371013 https://doi.org/10.1093/biomet/asv004

MA, Y. and ZHU, L. (2012). A semiparametric approach to dimension reduction. J. Amer. Statist. Assoc. 107
168–179. MR2949349 https://doi.org/10.1080/01621459.2011.646925

https://mathscinet.ams.org/mathscinet-getitem?mr=0665274
https://doi.org/10.1097/TP.0b013e3182848de2
https://doi.org/10.1053/j.ajkd.2005.03.006
https://mathscinet.ams.org/mathscinet-getitem?mr=2422830
https://doi.org/10.1111/j.1541-0420.2007.00826.x
https://mathscinet.ams.org/mathscinet-getitem?mr=2756508
https://doi.org/10.1111/j.1541-0420.2009.01196.x
https://mathscinet.ams.org/mathscinet-getitem?mr=0570114
https://doi.org/10.1681/ASN.V9112142
https://doi.org/10.1111/j.1600-6143.2011.03741.x
https://doi.org/10.1097/TP.0b013e3181952710
https://mathscinet.ams.org/mathscinet-getitem?mr=3543315
https://doi.org/10.1111/sjos.12196
https://mathscinet.ams.org/mathscinet-getitem?mr=2933167
https://doi.org/10.5705/ss.2010.161
https://mathscinet.ams.org/mathscinet-getitem?mr=2753008
https://doi.org/10.1002/cjs.10076
https://mathscinet.ams.org/mathscinet-getitem?mr=3371013
https://doi.org/10.1093/biomet/asv004
https://mathscinet.ams.org/mathscinet-getitem?mr=2949349
https://doi.org/10.1080/01621459.2011.646925
https://doi.org/10.1053/j.ajkd.2005.03.006
https://doi.org/10.1681/ASN.V9112142
https://doi.org/10.1111/sjos.12196


MA, Y. and ZHU, L. (2013). Efficient estimation in sufficient dimension reduction. Ann. Statist. 41 250–268.
MR3059417 https://doi.org/10.1214/12-AOS1072

MAFRA, D., GUEBRE-EGZIABHER, F. and FOUQUE, D. (2008). Body mass index, muscle and fat in chronic
kidney disease: Questions about survival. Nephrol. Dial. Transplant. 23 2461–2466.

MAGULURI, G. and ZHANG, C.-H. (1994). Estimation in the mean residual life regression model. J. Roy. Statist.
Soc. Ser. B 56 477–489. MR1278221

MANSOURVAR, Z., MARTINUSSEN, T. and SCHEIKE, T. H. (2015). Semiparametric regression for restricted
mean residual life under right censoring. J. Appl. Stat. 42 2597–2613. MR3428833 https://doi.org/10.1080/
02664763.2015.1043871

MANSOURVAR, Z., MARTINUSSEN, T. and SCHEIKE, T. H. (2016). An additive-multiplicative restricted mean
residual life model. Scand. J. Stat. 43 487–504. MR3503013 https://doi.org/10.1111/sjos.12187

MEHDI, U. and TOTO, R. D. (2009). Anemia, diabetes, and chronic kidney disease. Diabetes Care 32 1320–1326.
https://doi.org/10.2337/dc08-0779

MEIER-KRIESCHE, H.-U., PORT, F. K., OJO, O. A., AKINLOLU, O., RUDICH, S. M., HANSON, J. A., CIB-
RIK, D. M., LEICHTMAN, A. B. and KAPLAN, B. (2000). Effect of waiting time on renal transplant outcome.
Kidney Inter. 58 1311–1317.

MOLNAR, M. Z., CZIRA, M. E., RUDAS, A., UJSZASZI, A., HAROMSZEKI, B., KOSA, J. P., LAKATOS, P.,
BEKO, G., SARVARY, E. et al. (2011). Association between the malnutrition-inflammation score and post-
transplant anaemia. Nephrol. Dial. Transplant. 26 2000–2006.

MÜLLER, H.-G. and ZHANG, Y. (2005). Time-varying functional regression for predicting remaining lifetime
distributions from longitudinal trajectories. Biometrics 61 1064–1075. MR2216200 https://doi.org/10.1111/j.
1541-0420.2005.00378.x

MUNTNER, P., NEWSOME, B., KRAMER, H., PERALTA, C. A., KIM, Y., JACOBS, D. R., KIEFE, C. I. and
LEWIS, C. E. (2012). Racial differences in the incidence of chronic kidney disease. Clin. J. Amer. Soc.
Nephrol. 7 101–107. https://doi.org/10.2215/CJN.06450611

NICHOLAS, S. B., KALANTAR-ZADEH, K. and NORRIS, K. C. (2013). Racial disparities in kidney disease
outcomes. In Seminars in Nephrology 33 409–415. Elsevier, Amsterdam.

NICHOLAS, S. B., KALANTAR-ZADEH, K. and NORRIS, K. C. (2015). Socioeconomic disparities in chronic
kidney disease. Adv. Chronic Kidney Dis. 22 6–15. https://doi.org/10.1053/j.ackd.2014.07.002

OAKES, D. and DASU, T. (1990). A note on residual life. Biometrika 77 409–410. MR1064816 https://doi.org/10.
1093/biomet/77.2.409

OAKES, D. and DASU, T. (2003). Inference for the proportional mean residual life model. In Crossing Bound-
aries: Statistical Essays in Honor of Jack Hall. Institute of Mathematical Statistics Lecture Notes—Monograph
Series 43 105–116. IMS, Beachwood, OH. MR2125050 https://doi.org/10.1214/lnms/1215092393

ØIEN, C. M., REISÆTER, A. V., OS, I., JARDINE, A., FELLSTRÖM, B. and HOLDAAS, H. (2006). Gender-
associated risk factors for cardiac end points and total mortality after renal transplantation: Post hoc analysis
of the ALERT study. Clin. Transplant. 20 374–382.

OKADA, K., YANAI, M., TAKEUCHI, K., MATSUYAMA, K., NITTA, K., HAYASHI, K. and TAKAHASHI, S.
(2014). Sex differences in the prevalence, progression, and improvement of chronic kidney disease. Kidney
Blood Press. Res. 39 279–288. https://doi.org/10.1159/000355805

PSCHEIDT, C., NAGEL, G., ZITT, E., KRAMAR, R., CONCIN, H. and LHOTTA, K. (2015). Sex- and time-
dependent patterns in risk factors of end-stage renal disease: A large Austrian cohort with up to 20 years of
follow-up. PLoS ONE 10 e0135052. https://doi.org/10.1371/journal.pone.0135052

PYRAM, R., KANSARA, A., BANERJI, M. A. and LONEY-HUTCHINSON, L. (2012). Chronic kidney disease
and diabetes. Maturitas 71 94–103. https://doi.org/10.1016/j.maturitas.2011.11.009

RAHNEMAI-AZAR, A. A., GILCHRIST, B. F. and KAYLER, L. K. (2015). Independent risk factors for early
urologic complications after kidney transplantation. Clin Transplant. 29 403–408. https://doi.org/10.1111/ctr.
12530

RAMLAU-HANSEN, H. (1983). The choice of a kernel function in the graduation of counting process intensities.
Scand. Actuar. J. 3 165–182. MR0724596 https://doi.org/10.1080/03461238.1983.10408700

SALERNO, S., MESSANA, J. M., GREMEL, G. W., DAHLERUS, C., HIRTH, R. A., HAN, P., SEGAL, J. H.,
XU, T., SHAFFER, D. et al. (2021). COVID-19 risk factors and mortality outcomes among medicare patients
receiving long-term dialysis. JAMA Netw. Open 4 e2135379–e2135379.

SARAN, R., LI, Y., ROBINSON, B., ABBOTT, K. C., AGODOA, L. Y., AYANIAN, J., BRAGG-GRESHAM, J.,
BALKRISHNAN, R., CHEN, J. L. et al. (2016). US renal data system 2015 annual data report: Epidemiology
of kidney disease in the United States. Amer. J. Kidney Dis. 67.

SCHOLD, J. D., BUCCINI, L. D., GOLDFARB, D. A., FLECHNER, S. M., POGGIO, E. D. and SEHGAL, A. R.
(2014). Association between kidney transplant center performance and the survival benefit of transplantation
versus dialysis. Clin. J. Amer. Soc. Nephrol. 9 1773–1780. https://doi.org/10.2215/CJN.02380314

https://mathscinet.ams.org/mathscinet-getitem?mr=3059417
https://doi.org/10.1214/12-AOS1072
https://mathscinet.ams.org/mathscinet-getitem?mr=1278221
https://mathscinet.ams.org/mathscinet-getitem?mr=3428833
https://doi.org/10.1080/02664763.2015.1043871
https://mathscinet.ams.org/mathscinet-getitem?mr=3503013
https://doi.org/10.1111/sjos.12187
https://doi.org/10.2337/dc08-0779
https://mathscinet.ams.org/mathscinet-getitem?mr=2216200
https://doi.org/10.1111/j.1541-0420.2005.00378.x
https://doi.org/10.2215/CJN.06450611
https://doi.org/10.1053/j.ackd.2014.07.002
https://mathscinet.ams.org/mathscinet-getitem?mr=1064816
https://doi.org/10.1093/biomet/77.2.409
https://mathscinet.ams.org/mathscinet-getitem?mr=2125050
https://doi.org/10.1214/lnms/1215092393
https://doi.org/10.1159/000355805
https://doi.org/10.1371/journal.pone.0135052
https://doi.org/10.1016/j.maturitas.2011.11.009
https://doi.org/10.1111/ctr.12530
https://mathscinet.ams.org/mathscinet-getitem?mr=0724596
https://doi.org/10.1080/03461238.1983.10408700
https://doi.org/10.2215/CJN.02380314
https://doi.org/10.1080/02664763.2015.1043871
https://doi.org/10.1111/j.1541-0420.2005.00378.x
https://doi.org/10.1093/biomet/77.2.409
https://doi.org/10.1111/ctr.12530


SUN, L., SONG, X. and ZHANG, Z. (2012). Mean residual life models with time-dependent coefficients under
right censoring. Biometrika 99 185–197. MR2899672 https://doi.org/10.1093/biomet/asr065

SUN, L. and ZHANG, Z. (2009). A class of transformed mean residual life models with censored survival data. J.
Amer. Statist. Assoc. 104 803–815. MR2541596 https://doi.org/10.1198/jasa.2009.0130

SYRIOPOULOU, E., RUTHERFORD, M. J. and LAMBERT, P. C. (2020). Marginal measures and causal effects
using the relative survival framework. Int. J. Epidemiol. 49 619–628. https://doi.org/10.1093/ije/dyz268

TIME, P. S. (2012). A guide to calculating and interpreting the estimated post-transplant survival (EPTS) score
used in the Kidney Allocation System (KAS). Kidney 2.

TONELLI, M., WIEBE, N., KNOLL, G., BELLO, A., BROWNE, S., JADHAV, D., KLARENBACH, S. and GILL, J.
(2011). Systematic review: Kidney transplantation compared with dialysis in clinically relevant outcomes.
Amer. J. Transplant. 11 2093–2109. https://doi.org/10.1111/j.1600-6143.2011.03686.x

TSIATIS, A. A. (1990). Estimating regression parameters using linear rank tests for censored data. Ann. Statist.
18 354–372. MR1041397 https://doi.org/10.1214/aos/1176347504

WAND, M. P. (1994). Fast computation of multivariate kernel estimators. J. Comput. Graph. Statist. 3 433–445.
MR1323051 https://doi.org/10.2307/1390904

WEBSTER, A. C., NAGLER, E. V., MORTON, R. L. and MASSON, P. (2017). Chronic kidney disease. Lancet
389 1238–1252.

WENG, F. L., REESE, P. P., MULGAONKAR, S. and PATEL, A. M. (2010). Barriers to living donor kid-
ney transplantation among black or older transplant candidates. Clin. J. Amer. Soc. Nephrol. 5 2338–2347.
https://doi.org/10.2215/CJN.03040410

WOLFE, R. A., ASHBY, V. B., MILFORD, E. L., OJO, A. O., ETTENGER, R. E., AGODOA, L. Y., HELD, P. J.
and PORT, F. K. (1999). Comparison of mortality in all patients on dialysis, patients on dialysis awaiting trans-
plantation, and recipients of a first cadaveric transplant. N. Engl. J. Med. 341 1725–1730. https://doi.org/10.
1056/NEJM199912023412303

YING, Z. (1993). A large sample study of rank estimation for censored regression data. Ann. Statist. 21 76–99.
MR1212167 https://doi.org/10.1214/aos/1176349016

ZHAO, G., MA, Y., LIN, H. and LI, Y. (2024). Supplement to “Evaluation of transplant benefits with the
U.S. Scientific Registry of Transplant Recipients by semiparametric regression of mean residual life.”
https://doi.org/10.1214/24-AOAS1887SUPP

ZHAO, G., MA, Y. and LU, W. (2022). Efficient estimation for dimension reduction with censored survival data.
Statist. Sinica 32 2359–2380. MR4485087 https://doi.org/10.5705/ss.202020.0404

https://mathscinet.ams.org/mathscinet-getitem?mr=2899672
https://doi.org/10.1093/biomet/asr065
https://mathscinet.ams.org/mathscinet-getitem?mr=2541596
https://doi.org/10.1198/jasa.2009.0130
https://doi.org/10.1093/ije/dyz268
https://doi.org/10.1111/j.1600-6143.2011.03686.x
https://mathscinet.ams.org/mathscinet-getitem?mr=1041397
https://doi.org/10.1214/aos/1176347504
https://mathscinet.ams.org/mathscinet-getitem?mr=1323051
https://doi.org/10.2307/1390904
https://doi.org/10.2215/CJN.03040410
https://doi.org/10.1056/NEJM199912023412303
https://mathscinet.ams.org/mathscinet-getitem?mr=1212167
https://doi.org/10.1214/aos/1176349016
https://doi.org/10.1214/24-AOAS1887SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=4485087
https://doi.org/10.5705/ss.202020.0404
https://doi.org/10.1056/NEJM199912023412303


The Annals of Applied Statistics
2024, Vol. 18, No. 3, 2424–2443
https://doi.org/10.1214/24-AOAS1888
© Institute of Mathematical Statistics, 2024

SITE OCCUPANCY AND ABUNDANCE MODELS FOR ANALYZING
MULTIPLE-VISIT DETECTION/NONDETECTION DATA

BY HUU-DINH HUYNH1,a, MATTHEW SCHOFIELD2,b AND WEN-HAN HWANG3,c

1Institute of Statistics, National Chung Hsing University, ahuynhhuudinh@iuh.edu.vn
2Department of Mathematics and Statistics, University of Otago, bmatthew.schofield@otago.ac.nz

3Institute of Statistics, National Tsing Hua University, cwenhan@stat.nthu.edu.tw

We propose an enhanced site occupancy model for analyzing ecological
detection/nondetection data obtained from multiple visits. The model distin-
guishes between abundance, occupancy, and detection probabilities. We al-
low for transient individuals through a community parameter, c, that char-
acterizes the proportion of individuals fixed across visits. This parameter
seamlessly transitions from the standard occupancy model (c = 0) to the N-
mixture model (c = 1), enabling a more accurate analysis of site occupancy
data. Through theoretical developments and simulation studies, we demon-
strate how this model effectively addresses biases inherent in conventional
approaches, particularly for c is not at 0 or 1. We apply the model to various
datasets of mammal and bird species and compare it to current approaches.
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It is oftentimes the case in studies of disease progression that subjects
can move into one of several disease states of interest. Multistate models are
an indispensable tool to analyze data from such studies. The Environmental
Determinants of Diabetes in the Young (TEDDY) is an observational study
of at-risk children from birth to onset of type-1 diabetes (T1D) up through
the age of 15. A joint model for simultaneous inference of multistate and
multivariate nonparametric longitudinal data is proposed to analyze data and
answer the research questions brought up in the study. The proposed method
allows us to make statistical inferences, test hypotheses, and make predictions
about future state occupation in the TEDDY study. The performance of the
proposed method is evaluated by simulation studies. The proposed method
is applied to the motivating example to demonstrate the capabilities of the
method.

REFERENCES

ALAFCHI, B., MAHJUB, H., TAPAK, L., ROSHANAEI, G. and AMIRZARGAR, M. A. (2021). Two-stage joint
model for multivariate longitudinal and multistate processes, with application to renal transplantation data.
J. Probab. Stat. Art. ID 6641602. MR4244007 https://doi.org/10.1155/2021/6641602

ALBERT, P. S. (2019). Shared random parameter models: A legacy of the biostatistics program at the National
Heart, Lung and Blood Institute. Stat. Med. 38 501–511. MR3902594 https://doi.org/10.1002/sim.8011

ATKINSON, M. A., EISENBARTH, G. S. and MICHELS, A. W. (2014). Type 1 diabetes. Lancet 383 69–82.
BOOTH, J. G. and HOBERT, J. P. (1999). Maximizing generalized linear mixed model likelihoods with an auto-

mated Monte Carlo EM algorithm. J. R. Stat. Soc. Ser. B. Stat. Methodol. 61 265–285.
BROWN, E. R., IBRAHIM, J. G. and DEGRUTTOLA, V. (2005). A flexible B-spline model for multiple longitu-

dinal biomarkers and survival. Biometrics 61 64–73. MR2129202 https://doi.org/10.1111/j.0006-341X.2005.
030929.x

BRUMBACK, B. A. and RICE, J. A. (1998). Smoothing spline models for the analysis of nested and crossed sam-
ples of curves. J. Amer. Statist. Assoc. 93 961–994. With comments and a rejoinder by the authors. MR1649194
https://doi.org/10.2307/2669837

CHI, Y.-Y. and IBRAHIM, J. G. (2006). Joint models for multivariate longitudinal and multivariate survival data.
Biometrics 62 432–445. MR2227491 https://doi.org/10.1111/j.1541-0420.2005.00448.x

DE BOOR, C. (1978). A Practical Guide to Splines. Applied Mathematical Sciences 27. Springer, New York-
Berlin. MR0507062

DEMPSTER, A. P., LAIRD, N. M. and RUBIN, D. B. (1977). Maximum likelihood from incomplete data via the
EM algorithm. J. Roy. Statist. Soc. Ser. B 39 1–38. With discussion. MR0501537

FERRER, L., RONDEAU, V., DIGNAM, J., PICKLES, T., JACQMIN-GADDA, H. and PROUST-LIMA, C. (2016).
Joint modelling of longitudinal and multi-state processes: Application to clinical progressions in prostate can-
cer. Stat. Med. 35 3933–3948. MR3545618 https://doi.org/10.1002/sim.6972

GRUTTOLA, V. D. and TU, X. M. (1994). Modelling progression of CD4-lymphocyte count and its relationship
to survival time. Biometrics 50 1003–1014.

HSIEH, F., TSENG, Y.-K. and WANG, J.-L. (2006). Joint modeling of survival and longitudinal data: Likelihood
approach revisited. Biometrics 62 1037–1043. MR2297674 https://doi.org/10.1111/j.1541-0420.2006.00570.x

Key words and phrases. Joint modeling, multistate model, spline regression model, type-1 diabetes.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/24-AOAS1889
http://www.imstat.org
mailto:lu.you@epi.usf.edu
mailto:roy.tamura@epi.usf.edu
mailto:falastin.salami@med.lu.se
mailto:carina.torn@med.lu.se
mailto:ake.lernmark@med.lu.se
https://mathscinet.ams.org/mathscinet-getitem?mr=4244007
https://doi.org/10.1155/2021/6641602
https://mathscinet.ams.org/mathscinet-getitem?mr=3902594
https://doi.org/10.1002/sim.8011
https://mathscinet.ams.org/mathscinet-getitem?mr=2129202
https://doi.org/10.1111/j.0006-341X.2005.030929.x
https://mathscinet.ams.org/mathscinet-getitem?mr=1649194
https://doi.org/10.2307/2669837
https://mathscinet.ams.org/mathscinet-getitem?mr=2227491
https://doi.org/10.1111/j.1541-0420.2005.00448.x
https://mathscinet.ams.org/mathscinet-getitem?mr=0507062
https://mathscinet.ams.org/mathscinet-getitem?mr=0501537
https://mathscinet.ams.org/mathscinet-getitem?mr=3545618
https://doi.org/10.1002/sim.6972
https://mathscinet.ams.org/mathscinet-getitem?mr=2297674
https://doi.org/10.1111/j.1541-0420.2006.00570.x
https://doi.org/10.1111/j.0006-341X.2005.030929.x


HUANG, H., LI, Y. and GUAN, Y. (2014). Joint modeling and clustering paired generalized longitudinal trajec-
tories with application to cocaine abuse treatment data. J. Amer. Statist. Assoc. 109 1412–1424. MR3293600
https://doi.org/10.1080/01621459.2014.957286

HUANG, X., LI, G. and ELASHOFF, R. M. (2010). A joint model of longitudinal and competing risks survival
data with heterogeneous random effects and outlying longitudinal measurements. Stat. Interface 3 185–195.
MR2659510 https://doi.org/10.4310/SII.2010.v3.n2.a6

JOY, C., BOYLE, P. P. and TAN, K. S. (1996). Quasi-Monte Carlo methods in numerical finance. Manage. Sci.
42 926–938.

KRISCHER, J. P., LYNCH, K. F., SCHATZ, D. A., ILONEN, J., LERNMARK, Å., HAGOPIAN, W. A., REW-
ERS, M. J., SHE, J.-X., SIMELL, O. G. et al. (2015). The 6 year incidence of diabetes-associated autoanti-
bodies in genetically at-risk children: The TEDDY study. Diabetologia 58 980–987.

LI, G., LESPERANCE, M. and WU, Z. (2022). Joint modeling of multivariate survival data with an application to
retirement. Sociol. Methods Res. 51 1920–1946. MR4516875 https://doi.org/10.1177/0049124120914928

LI, N., ELASHOFF, R. M., LI, G. and TSENG, C.-H. (2012). Joint analysis of bivariate longitudinal ordinal
outcomes and competing risks survival times with nonparametric distributions for random effects. Stat. Med.
31 1707–1721. MR2947519 https://doi.org/10.1002/sim.4507

LIU, L., HUANG, X. and O’QUIGLEY, J. (2008). Analysis of longitudinal data in the presence of informative
observational times and a dependent terminal event, with application to medical cost data. Biometrics 64 950–
958. MR2526647 https://doi.org/10.1111/j.1541-0420.2007.00954.x

MURPHY, S. A. and VAN DER VAART, A. W. (2000). On profile likelihood. J. Amer. Statist. Assoc. 95 449–485.
With comments and a rejoinder by the authors. MR1803168 https://doi.org/10.2307/2669386

NIEDERREITER, H. (1978). Quasi-Monte Carlo methods and pseudo-random numbers. Bull. Amer. Math. Soc. 84
957–1041. MR0508447 https://doi.org/10.1090/S0002-9904-1978-14532-7

PAK, D., LI, C., TODEM, D. and SOHN, W. (2017). A multistate model for correlated interval-censored life
history data in caries research. J. R. Stat. Soc. Ser. C. Appl. Stat. 66 413–423. MR3611694 https://doi.org/10.
1111/rssc.12186

PERPEROGLOU, A., SAUERBREI, W., ABRAHAMOWICZ, M. and SCHMID, M. (2019). A review of spline func-
tion procedures in R. BMC Med. Res. Methodol. 19 1–16.

RIZOPOULOS, D. (2011). Dynamic predictions and prospective accuracy in joint models for longitudinal and
time-to-event data. Biometrics 67 819–829. MR2829256 https://doi.org/10.1111/j.1541-0420.2010.01546.x

RIZOPOULOS, D. and GHOSH, P. (2011). A Bayesian semiparametric multivariate joint model for multiple longi-
tudinal outcomes and a time-to-event. Stat. Med. 30 1366–1380. MR2828959 https://doi.org/10.1002/sim.4205

SALAMI, F., TAMURA, R., YOU, L., LERNMARK, Å., LARSSON, H. E., LUNDGREN, M., KRISCHER, J.,
ZIEGLER, A.-G., TOPPARI, J. et al. (2022). HbA1c as a time predictive biomarker for an additional islet
autoantibody and type 1 diabetes in seroconverted TEDDY children. Pediatric Diabetes 23 1586–1593.

SAYERS, A., HERON, J., SMITH, A. D. A. C., MACDONALD-WALLIS, C., GILTHORPE, M. S., STEELE, F. and
TILLING, K. (2017). Joint modelling compared with two stage methods for analysing longitudinal data and
prospective outcomes: A simulation study of childhood growth and BP. Stat. Methods Med. Res. 26 437–452.
MR3592734 https://doi.org/10.1177/0962280214548822

SCHLUCHTER, M. D. (1992). Methods for the analysis of informatively censored longitudinal data. Stat. Med.
11 1861–1870. https://doi.org/10.1002/sim.4780111408
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In high-frequency financial data, dynamic patterns of transaction counts
in regular time intervals provide crucial insights into market microstructure,
such as short-term trading activities and intermittent intensities of price os-
cillation. In this paper we propose a Bayesian hierarchical framework that in-
corporates correlated latent level and temporal effects to model multivariate
count data during intraday transaction intervals. Built on the INLA method
for implementation, our framework proves to be competitive with the tradi-
tional MCMC approach in terms of model inference and computational cost.
We demonstrate the efficacy of our methodology by applying it to assets from
three Global Industry Classification Standard (GICS) sectors, namely, health-
care, energy, and industrials. The analysis uncovers various microstructures
of financial count data using our framework. Specifically, our model featuring
a correlated latent effect structure adeptly captures the pattern of the empir-
ical correlations within the count data patterns with additional statistical in-
ference, such as assessing different associations between short-term averaged
trading size as well as trading duration, the counts at different risk levels,
and uncovering differential levels of uncertainty resulted from market tempo-
ral behavior and unobservable latent effects across the three sectors. We also
discuss some potential applications of our framework in real-world scenarios.
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This study develops methods to detect anomalous transactions linked
with fraud in food stamp purchases through order statistics methods. The
methods detect clusters in the order statistics of the transaction amounts that
merit further scrutiny. Our techniques use scan statistics to determine when an
excessive number of transactions occur (cluster), which is historically linked
to fraud. A scoring paradigm is constructed that ranks the degree in which
detected clusters and individual transactions are anomalous among approxi-
mately 250 million total transactions.
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BAYESIAN SPARSE VECTOR AUTOREGRESSIVE SWITCHING MODELS
WITH APPLICATION TO HUMAN GESTURE PHASE SEGMENTATION

BY BENIAMINO HADJ-AMAR1,a, JACK JEWSON2,c AND MARINA VANNUCCI1,b

1Department of Statistics, Rice University, abh44@rice.edu, bmarina@rice.edu
2Department of Economics and Business, Universitat Pompeu Fabra, cjack.jewson@upf.edu

We propose a sparse vector autoregressive (VAR) hidden semi-Markov
model (HSMM) for modeling temporal and contemporaneous (e.g., spatial)
dependencies in multivariate nonstationary time series. The HSMM’s generic
state distribution is embedded in a special transition matrix structure, facili-
tating efficient likelihood evaluations and arbitrary approximation accuracy.
To promote sparsity of the VAR coefficients, we deploy an l1-ball projection
prior, which combines differentiability with a positive probability of obtain-
ing exact zeros, achieving variable selection within each switching state. This
also facilitate posterior estimation via HMC. We further place nonlocal pri-
ors on the parameters of the HSMM dwell distribution improving the ability
of Bayesian model selection to distinguish whether the data is better sup-
ported by the simpler hidden Markov model (HMM) or more flexible HSMM.
Our proposed methodology is illustrated via an application to human gesture
phase segmentation based on sensor data, where we successfully identify and
characterize the periods of rest and active gesturing as well as the dynami-
cal patterns involved in the gesture movements associated with each of these
states.
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Testing judicial impartiality is a problem of fundamental importance in
empirical legal studies for which standard regression methods have been pop-
ularly used to estimate the extralegal factor effects. However, those methods
cannot handle control variables with ultrahigh dimensionality, such as those
found in judgment documents recorded in text format. To solve this prob-
lem, we develop a novel mixture conditional regression (MCR) approach,
assuming that the whole sample can be classified into a number of latent
classes. Within each latent class, a standard linear regression model can be
used to model the relationship between the response and a key feature vector,
which is assumed to be of a fixed dimension. Meanwhile, ultrahigh dimen-
sional control variables are then used to determine the latent class member-
ship, where a naïve Bayes type model is used to describe the relationship.
Hence, the dimension of control variables is allowed to be arbitrarily high. A
novel expectation-maximization algorithm is developed for model estimation.
Therefore, we are able to estimate the key parameters of interest as efficiently
as if the true class membership were known in advance. Simulation studies
are presented to demonstrate the proposed MCR method. A real dataset of
Chinese burglary offenses is analyzed for illustration purposes.
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A FLEXIBLE MODEL FOR CORRELATED COUNT DATA, WITH
APPLICATION TO MULTICONDITION DIFFERENTIAL EXPRESSION

ANALYSES OF SINGLE-CELL RNA SEQUENCING DATA
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Detecting differences in gene expression is an important part of single-
cell RNA sequencing experiments, and many statistical methods have been
developed for this aim. Most differential expression analyses focus on com-
paring expression between two groups (e.g., treatment vs. control). But there
is increasing interest in multicondition differential expression analyses in
which expression is measured in many conditions and the aim is to accu-
rately detect and estimate expression differences in all conditions. We show
that directly modeling single-cell RNA-seq counts in all conditions simul-
taneously, while also inferring how expression differences are shared across
conditions, leads to greatly improved performance for detecting and estimat-
ing expression differences compared to existing methods. We illustrate the
potential of this new approach by analyzing data from a single-cell experi-
ment studying the effects of cytokine stimulation on gene expression. We call
our new method “Poisson multivariate adaptive shrinkage,” and it is imple-
mented in an R package available at https://github.com/stephenslab/poisson.
mash.alpha.
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Motivated by the clinical evidence that the biomarker variability may
have prognostic value for a related disease, we extend the standard joint
model for longitudinal and time-to-event outcomes to incorporate the
weighted cumulative effects of both biomarker level and variability on the
survival hazard. A mixed-effects model is specified for biomarker observa-
tions wherein the subject-specific trajectories are modelled by spline func-
tions with random coefficients. Borrowing ideas from smoothing splines, we
propose a new variability measure which characterizes the roughness of the
subject-specific biomarker trajectory by the integrated amount of its second
derivatives over time. The inclusion of weight functions in cumulative quanti-
ties permits the importance of biomarker history to vary with time. To reduce
computational complexity, we confine the weight functions to a particular
parametric family with scale parameters to be estimated. Asymptotic prop-
erties of maximum likelihood estimators are established with a discussion
on the identification issue of the scale parameters. We use EM algorithm in
estimation with initial values obtained from a two-stage method. Simulation
studies have been conducted under different settings. Finally, we apply our
model to investigate the weighted cumulative effects of systolic blood pres-
sure level and variability on cardiovascular events in the Medical Research
Council trial.
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In this work we study the lifetime Medicare spending patterns of patients
with end-stage renal disease (ESRD). We extract the information of patients
who started their ESRD services in 2007–2011 from the United States Re-
nal Data System (USRDS). Patients are partitioned into three groups based
on their kidney transplant status: 1-unwaitlisted and never transplanted, 2-
waitlisted but never transplanted, and 3-waitlisted and then transplanted. To
study their Medicare cost trajectories, we use a semiparametric regression
model with both fixed and bivariate time-varying coefficients to compare
groups 1 and 2 as well as a bivariate time-varying coefficient model with
different starting times (time since the first ESRD service and time since the
kidney transplant) to compare groups 2 and 3. In addition to demographics
and other medical conditions, these regression models are conditional on the
survival time, which ideally depict the lifetime Medicare spending patterns.
For estimation we extend the profile weighted least squares (PWLS) estimator
to longitudinal data for the first comparison and propose a two-stage estimat-
ing method for the second comparison. We use sandwich variance estimators
to construct confidence intervals and validate inference procedures through
simulations. Our analysis of the Medicare claims data reveals that waitlist-
ing is associated with a lower daily medical cost at the beginning of ESRD
service among waitlisted patients, which gradually increases over time. Av-
eraging over lifespan, however, there is no difference between waitlisted and
unwaitlisted groups. A kidney transplant, on the other hand, reduces the med-
ical cost significantly after an initial spike.
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ARE MADE AND MISSED DIFFERENT? AN ANALYSIS OF FIELD GOAL
ATTEMPTS OF PROFESSIONAL BASKETBALL PLAYERS VIA DEPTH

BASED TESTING PROCEDURE
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In this paper we develop a novel depth-based testing procedure on spa-
tial point processes to examine the difference in made and missed field goal
attempts for NBA players. Specifically, our testing procedure can statistically
detect the differences between made and missed field goal attempts for NBA
players. We first obtain the depths of two processes under the polar coordi-
nate system. A two-dimensional Kolmogorov–Smirnov test is then performed
to test the difference between the depths of the two processes. Throughout
extensive simulation studies, we show our testing procedure with good fre-
quentist properties under both null hypothesis and alternative hypothesis. A
comparison against the competing methods shows that our proposed proce-
dure has better testing reliability and testing power. Application to the shot
chart data of 191 NBA players in the 2017–2018 regular season offers inter-
esting insights about these players’ made and missed shot patterns.

REFERENCES

BADDELEY, A. (2017). Local composite likelihood for spatial point processes. Spat. Stat. 22 261–295.
MR3732850 https://doi.org/10.1016/j.spasta.2017.03.001

BADDELEY, A. and TURNER, R. (2005). spatstat: An R package for analyzing spatial point patterns. J. Stat.
Softw. 12 1–42.

BARNETT, V. (1976). The ordering of multivariate data. J. Roy. Statist. Soc. Ser. A 139 318–355. MR0445726
https://doi.org/10.2307/2344839

BROWN, B. M., HETTMANSPERGER, T. P., NYBLOM, J. and OJA, H. (1992). On certain bivariate sign tests and
medians. J. Amer. Statist. Assoc. 87 127–135. MR1158630

CERVONE, D., D’AMOUR, A., BORNN, L. and GOLDSBERRY, K. (2016). A multiresolution stochastic pro-
cess model for predicting basketball possession outcomes. J. Amer. Statist. Assoc. 111 585–599. MR3538688
https://doi.org/10.1080/01621459.2016.1141685

CHRISTMANN, A. (2002). Classification based on the support vector machine and on regression depth. In Statisti-
cal Data Analysis Based on the L1-Norm and Related Methods (Neuchâtel, 2002). Stat. Ind. Technol. 341–352.
Birkhäuser, Basel. MR2001327

DIGGLE, P. J. (2014). Statistical Analysis of Spatial and Spatio-Temporal Point Patterns, 3rd ed. Monographs on
Statistics and Applied Probability 128. CRC Press, Boca Raton, FL. MR3113855

DONOHO, D. L. and GASKO, M. (1992). Breakdown properties of location estimates based on halfspace depth
and projected outlyingness. Ann. Statist. 20 1803–1827. MR1193313 https://doi.org/10.1214/aos/1176348890
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The fixed-event forecasting setup is common in economic policy. It in-
volves a sequence of forecasts of the same (“fixed”) predictand so that the
difficulty of the forecasting problem decreases over time. Fixed-event point
forecasts are typically published without a quantitative measure of uncer-
tainty. To construct such a measure, we consider forecast postprocessing tech-
niques tailored to the fixed-event case. We develop regression methods that
impose constraints motivated by the problem at hand and use these methods
to construct prediction intervals for gross domestic product (GDP) growth in
Germany and the U.S.
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Mendelian randomization (MR) assesses the total effect of exposure on
outcome. With the rapidly increasing availability of summary statistics from
genome-wide association studies (GWASs), MR leverages existing summary
statistics and is widely used to study the causal effects among complex traits
and diseases. The total effect in the population is a sum of indirect and direct
effects. For complex disease outcomes with complicated etiologies and/or for
modifiable exposure traits, there may exist more than one pathway between
exposure and outcome. The direct effect and the indirect effect via a mediator
of interest could be in opposite directions, and the total effect estimates may
not be informative for treatment and prevention decision-making or may even
be misleading for different subgroups of patients. Causal mediation analysis
delineates the indirect effect of exposure on outcome operating through the
mediator and the direct effect transmitted through other mechanisms. How-
ever, causal mediation analysis often requires individual-level data measured
on exposure, outcome, mediator and confounding variables, and the power of
the mediation analysis is restricted by sample size. In this work, motivated
by a study of the effects of atrial fibrillation (AF) on Alzheimer’s dementia,
we propose a framework for Integrative Mendelian randomization and Me-
diation Analysis (IMMA). The proposed method integrates the total effect
estimates from MR analyses based on large-scale GWASs with the direct and
indirect effect estimates from mediation analysis based on individual-level
data of a limited sample size. We introduce a series of IMMA models un-
der the scenarios with or without exposure-mediator interaction and/or study
heterogeneity. The proposed IMMA models improve the estimation and the
power of inference on the direct and indirect effects in the population. Our
analyses showed a significant positive direct effect of AF on Alzheimer’s
dementia risk not through the use of the oral anticoagulant treatment and a
significant indirect effect of AF-induced anticoagulant treatment in reducing
Alzheimer’s dementia risk. The results suggested potential Alzheimer’s de-
mentia risk prediction and prevention strategies for AF patients and paved
the way for future reevaluation of anticoagulant treatment guidelines for AF
patients. A sensitivity analysis was conducted to assess the sensitivity of the
conclusions to a key assumption of the IMMA approach.
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