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HOSPITAL QUALITY RISK STANDARDIZATION VIA APPROXIMATE
BALANCING WEIGHTS

BY LUKE J. KEELE1,a, ELI BEN-MICHAEL2,c, AVI FELLER3,d, RACHEL KELZ1,b AND

LUKE MIRATRIX4,e

1Hospital of the University of Pennsylvania, University of Pennsylvania, aluke.keele@gmail.com,
bRachel.Kelz@pennmedicine.upenn.edu

2Department of Statistics and Institute for Quantitative Social Science, Harvard University, cebenmichael@fas.harvard.edu
3Goldman School of Public Policy, University of California, Berkeley, dafeller@berkeley.edu

4Graduate School of Education, Harvard University, elmiratrix@g.harvard.edu

Comparing outcomes across hospitals, often to identify underperform-
ing hospitals, is a critical task in health services research. However, naive
comparisons of average outcomes, such as surgery complication rates, can
be misleading because hospital case mixes differ—a hospital’s overall com-
plication rate may be lower simply because the hospital serves a healthier
population overall. In this paper we develop a method of “direct standardiza-
tion” where we reweight each hospital patient population to be representative
of the overall population and then compare the weighted averages across hos-
pitals. Adapting methods from survey sampling and causal inference, we find
weights that directly control for imbalance between the hospital patient mix
and the target population, even across many patient attributes. Critically, these
balancing weights can also be tuned to preserve sample size for more pre-
cise estimates. We also derive principled measures of statistical uncertainty
and use outcome modeling and Bayesian shrinkage to increase precision and
account for variation in hospital size. We demonstrate these methods using
claims data from Pennsylvania, Florida, and New York, estimating standard-
ized hospital complication rates for general surgery patients. We conclude
with a discussion of how to detect low performing hospitals.
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Estimating a directed acyclic graph (DAG) from observational data rep-
resents a canonical learning problem and has generated a lot of interest in
recent years. Research has focused mostly on the following two cases: when
no information regarding the ordering of the nodes in the DAG is available
and when a domain-specific complete ordering of the nodes is available. In
this paper, motivated by a recent application in dairy science, we develop a
method for DAG estimation for the middle scenario, where partition-based
partial ordering of the nodes is known based on domain-specific knowledge.
We develop an efficient algorithm that solves the posited problem, coined
Partition-DAG. Through extensive simulations, using the DREAM3 Yeast
networks, we illustrate that Partition-DAG effectively incorporates the partial
ordering information to improve both speed and accuracy. We then illustrate
the usefulness of Partition-DAG by applying it to recently collected dairy
cattle data, and inferring relationships between various variables involved in
dairy agroecosystems.
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The idea of robustness is central and critical to modern statistical analy-
sis. However, despite the recent advances of deep neural networks (DNNs),
many studies have shown that DNNs are vulnerable to adversarial attacks.
Making imperceptible changes to an image can cause DNN models to make
the wrong classification with high confidence, such as classifying a benign
mole as a malignant tumor and a stop sign as a speed limit sign. The trade-
off between robustness and standard accuracy is common for DNN models.
In this paper we introduce sensible adversarial learning and demonstrate the
synergistic effect between pursuits of standard natural accuracy and robust-
ness. Specifically, we define a sensible adversary, which is useful for learning
a robust model, while keeping high natural accuracy. We theoretically es-
tablish that the Bayes classifier is the most robust multiclass classifier with
the 0 − 1 loss under sensible adversarial learning. We propose a novel and
efficient algorithm that trains a robust model using implicit loss truncation.
We apply sensible adversarial learning for large-scale image classification
to a handwritten digital image dataset, called MNIST, and an object recogni-
tion colored image dataset, called CIFAR10. We have performed an extensive
comparative study to compare our method with other competitive methods.
Our experiments empirically demonstrate that our method is not sensitive to
its hyperparameter and does not collapse even with a small model capacity
while promoting robustness against various attacks and keeping high natural
accuracy. The sensible adversarial learning software is available as a Python
package at https://github.com/JungeumKim/SENSE.
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Gun violence is a critical public safety concern in the United States.
In 2006, California implemented a unique firearm monitoring program, the
Armed and Prohibited Persons System (APPS), to address gun violence in
the state. The APPS program first identifies those firearm owners who be-
come prohibited from owning one, due to federal or state law, then confiscates
their firearms. Our goal is to assess the effect of APPS on California murder
rates using annual, state-level crime data across the U.S. for the years before
and after the introduction of the program. To do so, we adapt a nonparametric
Bayesian approach, multitask Gaussian processes (MTGPs), to the panel data
setting. MTGPs allow for flexible and parsimonious panel data models that
nest many existing approaches and allow for direct control over both depen-
dence across time and dependence across units as well as natural uncertainty
quantification. We extend this approach to incorporate non-Normal outcomes,
auxiliary covariates, and multiple outcome series, which are all important in
our application. We also show that this approach has attractive Frequentist
properties, including a representation as a weighting estimator with separate
weights over units and time periods. Applying this approach, we find that the
increased monitoring and enforcement from the APPS program substantially
decreased homicides in California. We also find that the effect on murder
is driven entirely by declines in gun-related murder with no measurable ef-
fect on non-gun murder. Estimated cost per murder avoided are substantially
lower than conventional estimates of the value of a statistical life, suggesting
a very high benefit-cost ratio for this enforcement effort.
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In jointly modelling longitudinal and survival data, the longitudinal data
may be complex in the sense that they may contain outliers and may be left
censored. Motivated from an HIV vaccine study, we propose a robust method
for joint models of longitudinal and survival data, where the outliers in longi-
tudinal data are addressed using a multivariate t-distribution for b-outliers and
using an M-estimator for e-outliers. We also propose a computationally effi-
cient method for approximate likelihood inference. The proposed method is
evaluated by simulation studies. Based on the proposed models and method,
we analyze the HIV vaccine data and find a strong association between lon-
gitudinal biomarkers and the risk of HIV infection.
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BAYESIAN DECISION THEORY FOR TREE-BASED ADAPTIVE SCREENING
TESTS WITH AN APPLICATION TO YOUTH DELINQUENCY
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Crime prevention strategies based on early intervention depend on accu-
rate risk assessment instruments for identifying high-risk youth. It is impor-
tant in this context that the instruments be convenient to administer, which
means, in particular, that they should also be reasonably brief; adaptive
screening tests are useful for this purpose. Adaptive tests constructed using
classification and regression trees are becoming a popular alternative to tradi-
tional item response theory (IRT) approaches for adaptive testing. However,
tree-based adaptive tests lack a principled criterion for terminating the test.
This paper develops a Bayesian decision theory framework for measuring the
trade-off between brevity and accuracy when considering tree-based adap-
tive screening tests of different lengths. We also present a novel method for
designing tree-based adaptive tests, motivated by this framework. The frame-
work and associated adaptive test method are demonstrated through an appli-
cation to youth delinquency risk assessment in Honduras; it is shown that an
adaptive test requiring a subject to answer fewer than 10 questions can iden-
tify high-risk youth nearly as accurately as an unabridged survey containing
173 items.
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The Cox model is an indispensable tool for time-to-event analysis, partic-
ularly in biomedical research. However, medicine is undergoing a profound
transformation, generating data at an unprecedented scale, which opens new
frontiers to study and understand diseases. With the wealth of data collected,
new challenges for statistical inference arise, as datasets are often high dimen-
sional, exhibit an increasing number of measurements at irregularly spaced
time points, and are simply too large to fit in memory. Many current im-
plementations for time-to-event analysis are ill-suited for these problems, as
inference is computationally demanding and requires access to the full data
at once. Here, we propose a Bayesian version for the counting process rep-
resentation of Cox’s partial likelihood for efficient inference on large-scale
datasets with millions of data points and thousands of time-dependent co-
variates. Through the combination of stochastic variational inference and a
reweighting of the log-likelihood, we obtain an approximation for the pos-
terior distribution that factorizes over subsamples of the data, enabling the
analysis in big data settings. Crucially, the method produces viable uncer-
tainty estimates for large-scale and high-dimensional datasets. We show the
utility of our method through a simulation study and an application to my-
ocardial infarction in the UK Biobank, where we characterize the multivariate
effects of risk factors and replicate results from individual studies. Our frame-
work extends the Cox model to new data sources, like biobanks and EHR, the
combination of which can provide new insights into our understanding of dis-
eases.
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The automated analysis of flow cytometry measurements is an active re-
search field. We introduce a new algorithm, referred to as CytOpT, using
regularized optimal transport to directly estimate the different cell popula-
tion proportions from a biological sample characterized with flow cytometry
measurements. We rely on the regularized Wasserstein metric to compare cy-
tometry measurements from different samples, thus accounting for possible
misalignment of a given cell population across samples (due to technical vari-
ability from the technology of measurements). In this work we rely on a su-
pervised learning technique, based on the Wasserstein metric, that is used to
estimate an optimal reweighting of class proportions in a mixture model from
a source distribution (with known segmentation into cell sub-populations) to
fit a target distribution with unknown segmentation. Due to the high dimen-
sionality of flow cytometry data, we use stochastic algorithms to approximate
the regularized Wasserstein metric to solve the optimization problem involved
in the estimation of optimal weights representing the cell population propor-
tions in the target distribution. Several flow cytometry data sets are used to
illustrate the performances of CytOpT that are also compared to those of
existing algorithms for automatic gating based on supervised learning.
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Longitudinal microbiome studies can help delineate true biological sig-
nals from the high interindividual variability that is common in microbiome
data. However, there are few methods available for unsupervised dimension
reduction of time course microbial abundance observations. Existing meth-
ods do not fully observe the distribution characteristics of such data types,
namely, zero inflation, compositionality, and overdispersion. We present a
tensor decomposition model and a semiparametric quasi-likelihood estima-
tion method for the decomposition of longitudinal microbiome data by gen-
eralizing existing approaches in tensor decomposition of Gaussian data. Opti-
mization is performed through projected gradient descent, additionally allow-
ing interpretability constraints. We show through simulation studies that our
method is able to recover low-rank structures from microbiome time-course
data better than existing approaches. Lastly, we apply our method to two ex-
isting longitudinal microbiome studies to detect global microbial changes as-
sociated with dietary and pharmaceutical effects as well as infant birth modes.
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Forensic handwriting examiners are often tasked with identifying the
writer of a particular document. Examples of handwriting evidence include
ransom notes, forged documents and signatures, and threatening letters. At
present, examiners rely on visual inspection of similarities and differences
between the questioned document and reference writing samples. Here, we
propose a principled modeling approach to compute the posterior predictive
probability of writership when the author of the questioned document is part
of a closed set of writers. Given a handwritten document, we extract measure-
ments, including rotation angles that are related to the slant of writing, which
are the response variables in a multilevel model. We fit the model and test
its posterior predictive performance using writing samples from the United
States and from Europe. We find that, as long as the questioned document
is longer than a sentence or two, it is possible to correctly associate a writer
with a document that he or she wrote with high probability. Earlier versions
of this work have been well received by the community of forensic document
examiners.
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We consider the problem of assessing the importance of multiple vari-
ables or factors from a dataset when side information is available. In principle,
using side information can allow the statistician to pay attention to variables
with a greater potential which, in turn, may lead to more discoveries. We in-
troduce an adaptive knockoff filter, which generalizes the knockoff procedure
(Ann. Statist. 43 (2015) 2055–2085; J. R. Stat. Soc. Ser. B. Stat. Methodol. 80
(2018) 551–577), in that it uses both the data at hand and side information to
adaptively order the variables under study and focus on those that are most
promising. The adaptive knockoffs procedure controls the finite-sample false
discovery rate (FDR), and we demonstrate its power by comparing it with
other structured multiple testing methods. We also apply our methodology
to real genetic data in order to find associations between genetic variants
and various phenotypes such as Crohn’s disease and lipid levels. Here, the
adaptive knockoffs method makes more discoveries than reported in previous
studies on the same datasets.
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LATENT MULTIVARIATE LOG-GAMMA MODELS FOR
HIGH-DIMENSIONAL MULTITYPE RESPONSES WITH APPLICATION TO

DAILY FINE PARTICULATE MATTER AND MORTALITY COUNTS

BY ZHIXING XUa, JONATHAN R. BRADLEYb AND DEBAJYOTI SINHAc

Department of Statistics, Florida State University, azhixing.xu2@sanofi.com, bjrbradley@fsu.edu, csinhad@stat.fsu.edu

Precise estimation of daily fine particulate matter with a diameter ≤ 2.5
microns (PM2.5) and mortality in the U.S. is an important research challenge
in public health because high levels of PM2.5 have been linked to several
serious health problems, including lung disease, cardiovascular disease, and
stroke. This motivates us to develop a joint Bayesian hierarchical model for
bivariate spatial data to obtain precise spatial predictions of two types of re-
sponses, continuous skewed PM2.5 levels, and discrete mortality counts over
U.S. counties. Our novel modeling framework address several challenges in
the area of spatial prediction of mortality counts and PM2.5 levels. Specifi-
cally, our model allows for spatial variability and dependence of two types of
responses, accommodate an unknown nonlinear spatial relationship between
mortality and PM2.5 through basis function expansions, improve the preci-
sion of predictions at counties with undisclosed/missing observations, and al-
low for different missing data patterns for mortality and PM2.5. Furthermore,
we introduce a new local measure of association for the cross-dependence
between mortality and PM2.5 level. To address the burden of Bayesian com-
putation for large databases, we use the dimension reduction tool and the
shared conjugate structure between the Weibull distribution, Poisson distri-
bution, and the multivariate log-gamma distribution. We provide a simulation
study to illustrate the performance of our method. Our joint spatial model
of “multitype responses” (discrete and continuous responses) and associated
Bayesian method are used to analyze bivariate spatial data of daily averaged
PM2.5 levels in air and mortality counts (due to diseases related to lung, car-
diovascular, respiratory, and stroke) from the Centers for Disease Control and
Prevention (CDC) database.
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In HIV vaccine/prevention research, probing into the vaccine-induced
immune responses that can help to predict the risk of HIV infection provides
valuable information for the development of vaccine regimens. Previous cor-
relate analysis of the Thai vaccine trial aided the discovery of interesting
immune correlates related to the risk of developing an HIV infection. The
present study aimed to identify the combinations of immune responses asso-
ciated with the heterogeneous infection risk. We explored a “change-plane”
via combination of a subset of immune responses that could help separate
vaccine recipients into two heterogeneous subgroups in terms of the associ-
ation between immune responses and the risk of developing infection. Addi-
tionally, we developed a new variable selection algorithm through a penalized
likelihood approach to investigate a parsimonious marker combination for the
change-plane. The resulting marker combinations can serve as candidate cor-
relates of protection and can be used for predicting the protective effect of the
vaccine against HIV infection. The application of the proposed statistical ap-
proach to the Thai trial has been presented, wherein the marker combinations
were explored among several immune responses and antigens.
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With the increasing availability of electronic health records (EHR), sig-
nificant progress has been made on developing predictive inference and al-
gorithms by health-data analysts and researchers. However, the EHR data are
notoriously noisy, due to missing and inaccurate inputs, despite abundant in-
formation. One serious problem is that only a small portion of patients in
the database has confirmatory diagnoses, while many other patients remain
undiagnosed because they did not comply with the recommended examina-
tions. The phenomenon leads to a so-called positive-unlabelled situation, and
the labels are extremely imbalanced. In this paper we propose a model-based
approach to classify the unlabelled patients by using a Bayesian finite mix-
ture model. We also discuss the label switching issue for the imbalanced data
and propose a consensus Monte Carlo approach to address the imbalance is-
sue and improve computational efficiency simultaneously. Simulation studies
show that our proposed model-based approach outperforms existing positive-
unlabelled learning algorithms. The proposed method is applied on the Cerner
EHR for detecting diabetic retinopathy (DR) patients using laboratory mea-
surements. With only 3% confirmatory diagnoses in the EHR database, we
estimate the actual DR prevalence to be 25% which coincides with reported
findings in the medical literature.
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The identification of surrogate markers for gold standard outcomes in
clinical trials enables future cost-effective trials that target the identified
markers. Due to resource limitations, these surrogate markers may be col-
lected only for cases and for a subset of the trial cohort, giving rise to what
is termed the case-cohort design. Motivated by a COVID-19 vaccine trial, we
propose methods of assessing the surrogate markers for a time-to-event out-
come in a case-cohort design by using mediation and instrumental variable
(IV) analyses. In the mediation analysis we decomposed the vaccine effect on
COVID-19 risk into an indirect effect (the effect mediated through the sur-
rogate marker such as neutralizing antibodies) and a direct effect (the effect
not mediated by the marker), and we propose that the mediation proportions
are surrogacy indices. In the IV analysis we aimed to quantify the causal
effect of the surrogate marker on disease risk in the presence of surrogate-
disease confounding which is unavoidable even in randomized trials. We em-
ployed weighted estimating equations derived from nonparametric maximum
likelihood estimators (NPMLEs) under semiparametric probit models for the
time-to-disease outcome. We plugged in the weighted NPMLEs to construct
estimators for the aforementioned causal effects and surrogacy indices, and
we determined the asymptotic properties of the proposed estimators. Finite
sample performance was evaluated in numerical simulations. Applying the
proposed mediation and IV analyses to a mock COVID-19 vaccine trial data,
we found that 84.2% of the vaccine efficacy was mediated by 50% pseu-
dovirus neutralizing antibody and that neutralizing antibodies had significant
protective effects for COVID-19 risk.
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Our goal is to quantify whether, and if so how, spatiotemporal patterns
in tropical cyclone (TC) satellite imagery signal an upcoming rapid intensity
change event. To address this question, we propose a new nonparametric test
of association between a time series of images and a series of binary event la-
bels. We ask whether there is a difference in distribution between (dependent
but identically distributed) 24-hour sequences of images preceding an event
vs. a nonevent. By rewriting the statistical test as a regression problem, we
leverage neural networks to infer modes of structural evolution of TC con-
vection that are representative of the lead-up to rapid intensity change events.
Dependencies between nearby sequences are handled by a bootstrap proce-
dure that estimates the marginal distribution of the label series. We prove that
type I error control is guaranteed as long as the distribution of the label series
is well estimated which is made easier by the extensive historical data for bi-
nary TC event labels. We show empirical evidence that our proposed method
identifies archetypes of infrared imagery associated with elevated rapid inten-
sification risk, typically marked by deep or deepening core convection over
time. Such results provide a foundation for improved forecasts of rapid inten-
sification.
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Women infected by the human papillomavirus are at an increased risk
to develop cervical intraepithelial neoplasia lesions (CIN). CIN are classified
into three grades of increasing severity (CIN-1, CIN-2, and CIN-3) and can
eventually develop into cervical cancer. The main purpose of screening is de-
tecting CIN-2 and CIN-3 cases which are usually removed surgically. Screen-
ing data from the POBASCAM trial involving 1454 HPV-positive women
are analyzed with two objectives, estimate: (a) the transition time from HPV
diagnosis to CIN-3 and (b) the transition time from CIN-2 to CIN-3. The
screening data have two key characteristics. First, the CIN state is monitored
in an interval censored sequence of screening times. Second, a woman’s pro-
gression to CIN-3 is only observed if the woman progresses to, both, CIN-
2 and from CIN-2 to CIN-3 in the same screening interval. We propose a
Bayesian accelerated failure time model for the two transition times in this
three-state model. To deal with the unusual censoring structure of the screen-
ing data, we develop a Metropolis-within-Gibbs algorithm with data augmen-
tation from the truncated transition time distributions.
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LOCUS: A REGULARIZED BLIND SOURCE SEPARATION METHOD WITH
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Network-oriented research has been increasingly popular in many sci-
entific areas. In neuroscience research, imaging-based network connectiv-
ity measures have become the key for understanding brain organizations,
potentially serving as individual neural fingerprints. There are major chal-
lenges in analyzing connectivity matrices, including the high dimensionality
of brain networks, unknown latent sources underlying the observed connec-
tivity, and the large number of brain connections leading to spurious findings.
In this paper we propose a novel blind source separation method with low-
rank structure and uniform sparsity (LOCUS) as a fully data-driven decom-
position method for network measures. Compared with the existing method
that vectorizes connectivity matrices ignoring brain network topology, LO-
CUS achieves more efficient and accurate source separation for connectivity
matrices using low-rank structure. We propose a novel angle-based uniform
sparsity regularization that demonstrates better performance than the existing
sparsity controls for low-rank tensor methods. We propose a highly efficient
iterative node-rotation algorithm that exploits the block multiconvexity of the
objective function to solve the nonconvex optimization problem for learning
LOCUS. We illustrate the advantage of LOCUS through extensive simulation
studies. Application of LOCUS to Philadelphia Neurodevelopmental Cohort
neuroimaging study reveals biologically insightful connectivity traits which
are not found using the existing method.
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Hazard event sets, a collection of synthetic extreme events over a given
period, are important for catastrophe modelling. This paper addresses the is-
sue of generating event sets of extreme river flow for northern England and
southern Scotland, a region which has been particularly affected by severe
flooding over the past 20 years. We start by analysing historical extreme river
flow across 45 gauges, using methods from extreme value analysis, includ-
ing the concept of extremal principal components. Our analysis reveals in-
teresting connections between the extremal dependence structure and the re-
gion’s topography/climate. We then introduce a framework which is based
on modelling the distribution of the extremal principal components in order
to generate synthetic events of extreme river flow. The generative framework
is dimension-reducing in that it distinctly handles the principal components
based on their contribution to describing the nature of extreme river flow
across the study region. We also detail a data-driven approach to select the
optimal dimension. Synthetic flood events are subsequently generated effi-
ciently by sampling from the fitted distribution. Our results indicate good
agreement between the observed and simulated extreme river flow dynam-
ics and, therefore, illustrate the usefulness of our approach to practitioners.
For the considered application, we also find that our approach outperforms
existing statistical approaches for generating hazard event sets.
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Estimating the true mortality burden of COVID-19 for every country in
the world is a difficult, but crucial, public health endeavor. Attributing deaths,
direct or indirect, to COVID-19 is problematic. A more attainable target is the
“excess deaths,” the number of deaths in a particular period, relative to that
expected during “normal times,” and we develop a model for this endeavor.
The excess mortality requires two numbers, the total deaths and the expected
deaths, but the former is unavailable for many countries, and so modeling is
required for such countries. The expected deaths are based on historic data,
and we develop a model for producing estimates of these deaths for all coun-
tries. We allow for uncertainty in the modeled expected numbers when calcu-
lating the excess. The methods we describe were used to produce the World
Health Organization (WHO) excess death estimates. To achieve both inter-
pretability and transparency we developed a relatively simple overdispersed
Poisson count framework within which the various data types can be mod-
eled. We use data from countries with national monthly data to build a predic-
tive log-linear regression model with time-varying coefficients for countries
without data. For a number of countries, subnational data only are available,
and we construct a multinomial model for such data, based on the assump-
tion that the fractions of deaths in subregions remain approximately constant
over time. Our inferential approach is Bayesian, with the covariate predic-
tive model being implemented in the fast and accurate INLA software. The
subnational modeling was carried out using MCMC in Stan. Based on our
modeling, the point estimate for global excess mortality during 2020–2021 is
14.8 million, with a 95% credible interval of (13.2, 16.6) million.
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With the availability of massive amounts of data from electronic health
records and registry databases, incorporating time-varying patient informa-
tion to improve risk prediction has attracted great attention. To exploit the
growing amount of predictor information over time, we develop a unified
framework for landmark prediction, using survival tree ensembles, where
an updated prediction can be performed when new information becomes
available. Compared to conventional landmark prediction with fixed land-
mark times, our methods allow the landmark times to be subject-specific
and triggered by an intermediate clinical event. Moreover, the nonparamet-
ric approach circumvents the thorny issue of model incompatibility at dif-
ferent landmark times. In our framework, both the longitudinal predictors
and the event time outcome are subject to right censoring, and thus exist-
ing tree-based approaches cannot be directly applied. To tackle the analytical
challenges, we propose a risk-set-based ensemble procedure by averaging
martingale estimating equations from individual trees. Extensive simulation
studies are conducted to evaluate the performance of our methods. The meth-
ods are applied to the Cystic Fibrosis Foundation Patient Registry (CFFPR)
data to perform dynamic prediction of lung disease in cystic fibrosis patients
and to identify important prognosis factors.
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MIXED-FREQUENCY EXTREME VALUE REGRESSION: ESTIMATING THE
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RAINFALL INTENSITY

BY DEBBIE J. DUPUIS1,a AND LUCA TRAPIN2,b

1Department of Decision Sciences, HEC Montréal, adebbie.dupuis@hec.ca
2Department of Statistics, University of Bologna, bluca.trapin@unibo.it

Understanding and modeling the determinants of extreme hourly rainfall
intensity is of utmost importance for the management of flash-flood risk. In-
creasing evidence shows that mesoscale convective systems (MCS) are the
principal driver of extreme rainfall intensity in the United States. We use ex-
treme value statistics to investigate the relationship between MCS activity and
extreme hourly rainfall intensity in Greater St. Louis, an area particularly vul-
nerable to flash floods. Using a block maxima approach with monthly blocks,
we find that the impact of MCS activity on monthly maxima is not homo-
geneous within the month/block. To appropriately capture this relationship,
we develop a mixed-frequency extreme value regression framework accom-
modating a covariate sampled at a frequency higher than that of the extreme
observation.
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Phylogenetic inference is an intractable statistical problem on a complex
space. Markov chain Monte Carlo methods are the primary tool for Bayesian
phylogenetic inference, but it is challenging to construct efficient schemes to
explore the associated posterior distribution or assess their performance. Ex-
isting approaches are unable to diagnose mixing or convergence of Markov
schemes jointly across all components of a phylogenetic model. Lagged cou-
plings of Markov chain Monte Carlo algorithms have recently been devel-
oped on simpler spaces to diagnose convergence and construct unbiased es-
timators. We describe a contractive coupling of Markov chains targeting a
posterior distribution over a space of phylogenetic trees with branch lengths,
scalar parameters and latent variables. We use these couplings to assess mix-
ing and convergence of Markov chains jointly across all components of the
phylogenetic model on trees with up to 200 leaves. Samples from our coupled
chains may also be used to construct unbiased estimators.
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Spatial transcriptomics is a groundbreaking technology that allows the
measurement of the activity of thousands of genes in a tissue sample and maps
where the activity occurs. This technology has enabled the study of the spatial
variation of the genes across the tissue. Comprehending gene functions and
interactions in different areas of the tissue is of great scientific interest, as it
might lead to a deeper understanding of several key biological mechanisms,
such as cell-cell communication or tumor-microenvironment interaction. To
do so, one can group cells of the same type and genes that exhibit similar
expression patterns. However, adequate statistical tools that exploit the pre-
viously unavailable spatial information to more coherently group cells and
genes are still lacking.

In this work we introduce SPARTACO, a new statistical model that clus-
ters the spatial expression profiles of the genes according to a partition of the
tissue. This is accomplished by performing a co-clustering, that is, inferring
the latent block structure of the data and inducing two types of clustering: of
the genes, using their expression across the tissue, and of the image areas,
using the gene expression in the spots where the RNA is collected. Our pro-
posed methodology is validated with a series of simulation experiments, and
its usefulness in responding to specific biological questions is illustrated with
an application to a human brain tissue sample processed with the 10X-Visium
protocol.
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BALANCING WEIGHTS FOR REGION-LEVEL ANALYSIS: THE EFFECT
OF MEDICAID EXPANSION ON THE UNINSURANCE RATE AMONG
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We predict the average effect of Medicaid expansion on the nonelderly
adult uninsurance rate among states that did not expand Medicaid in 2014, as
if they had expanded their Medicaid eligibility requirements. Using Ameri-
can Community Survey data aggregated to the region level, we estimate this
effect by reweighting the expansion regions to approximately match the co-
variate distribution of the nonexpansion regions. Existing methods to estimate
balancing weights often assume that the covariates are measured without er-
ror and do not account for dependencies in the outcome model. Our covari-
ates have random noise that is uncorrelated with the outcome errors, and our
assumed outcome model contains state-level random effects. To correct for
measurement error induced bias, we propose generating weights on a linear
approximation to the true covariates, extending an idea from the measurement
error literature known as “regression calibration.” This requires auxiliary data
to estimate the measurement error variability. We also propose an objective
function to reduce the variance of our estimator when the outcome model
errors are homoskedastic and equicorrelated within states. We then estimate
that Medicaid expansion would have caused a −2.33 (−3.54, −1.11) per-
centage point change in the adult uninsurance rate among states that did not
expand Medicaid.
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The world ocean plays a key role in redistributing heat in the climate sys-
tem and hence in regulating Earth’s climate. Yet statistical analysis of ocean
heat transport suffers from partially incomplete large-scale data intertwined
with complex spatiotemporal dynamics as well as from potential model mis-
specification. We present a comprehensive spatiotemporal statistical frame-
work tailored to interpolating the global ocean heat transport using in situ
Argo profiling float measurements. We formalize the statistical challenges
using latent local Gaussian process regression accompanied by a two-stage
fitting procedure. We introduce an approximate expectation-maximization al-
gorithm to jointly estimate both the mean field and the covariance parameters,
and refine the potentially underspecified mean field model with a debiasing
procedure. This approach provides data-driven global ocean heat transport
fields that vary in both space and time and can provide insights into crucial
dynamical phenomena, such as El Niño & La Niña, as well as the global cli-
matological mean heat transport field which by itself is of scientific interest.
The proposed framework and the Argo-based estimates are thoroughly vali-
dated with state-of-the-art multimission satellite products and shown to yield
realistic subsurface ocean heat transport estimates.
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Understanding the help and support that is exchanged between family
members of different generations is of increasing importance, with research
questions in sociology and social policy focusing on both predictors of the
levels of help given and received, and on reciprocity between them. We pro-
pose general latent variable models for analysing such data, when helping
tendencies in each direction are measured by multiple binary indicators of
specific types of help. The model combines two continuous latent variables,
which represent the helping tendencies, with two binary latent class variables
which allow for high proportions of responses where no help of any kind
is given or received. This defines a multivariate version of a zero-inflation
model. The main part of the models is estimated using MCMC methods, with
a bespoke data augmentation algorithm. We apply the models to analyse ex-
changes of help between adult individuals and their noncoresident parents,
using survey data from the UK Household Longitudinal Study.
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In this paper we assess the impact of climate shocks on futures markets
for agricultural commodities and a set of macroeconomic quantities for mul-
tiple high-income economies. To capture relations among countries, markets,
and climate shocks, this paper proposes parsimonious methods to estimate
high-dimensional panel vector autoregressions. We assume that coefficients
associated with domestic lagged endogenous variables arise from a Gaussian
mixture model while further parsimony is achieved using suitable global-
local shrinkage priors on several regions of the parameter space. Our results
point toward pronounced global reactions of key macroeconomic quantities
to climate shocks. Moreover, the empirical findings highlight substantial link-
ages between regionally located shocks and global commodity markets.
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BALKOVIČ, J., VAN DER VELDE, M., SKALSKÝ, R., XIONG, W., FOLBERTH, C., KHABAROV, N.,
SMIRNOV, A., MUELLER, N. D. and OBERSTEINER, M. (2014). Global wheat production potentials and
management flexibility under the representative concentration pathways. Glob. Planet. Change 122 107–121.
https://doi.org/10.1016/j.gloplacha.2014.08.010

BAUMEISTER, C. and PEERSMAN, G. (2013). The role of time-varying price elasticities in accounting for volatil-
ity changes in the crude oil market. J. Appl. Econometrics 28 1087–1109. MR3137716 https://doi.org/10.1002/
jae.2283

BEGUERÍA, S., VICENTE-SERRANO, S. M., REIG, F. and LATORRE, B. (2014). Standardized Precipitation
Evapotranspiration Index (SPEI) revisited: Parameter fitting, evapotranspiration models, tools, datasets and
drought monitoring. Int. J. Climatol. 34 3001–3023.

BHATTACHARYA, A., PATI, D., PILLAI, N. S. and DUNSON, D. B. (2015). Dirichlet–Laplace priors for opti-
mal shrinkage. J. Amer. Statist. Assoc. 110 1479–1490. MR3449048 https://doi.org/10.1080/01621459.2014.
960967

Key words and phrases. Climate change impacts, commodity markets, food security, hierarchical modeling,
factor stochastic volatility models, second keyword.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/22-AOAS1681
http://www.imstat.org
mailto:florian.huber@plus.ac.at
mailto:krisztin@iiasa.ac.at
mailto:michael.pfarrhofer@univie.ac.at
https://doi.org/10.1016/j.eneco.2009.05.016
http://arxiv.org/abs/arXiv:2108.01617
https://doi.org/10.1016/j.agsy.2018.07.014
https://mathscinet.ams.org/mathscinet-getitem?mr=2338870
https://doi.org/10.1198/073500106000000413
https://doi.org/10.1016/j.gloplacha.2014.08.010
https://mathscinet.ams.org/mathscinet-getitem?mr=3137716
https://doi.org/10.1002/jae.2283
https://mathscinet.ams.org/mathscinet-getitem?mr=3449048
https://doi.org/10.1080/01621459.2014.960967
https://doi.org/10.1016/j.agsy.2018.07.014
https://doi.org/10.1002/jae.2283
https://doi.org/10.1080/01621459.2014.960967


BURKE, M. and TANUTAMA, V. (2019). Climatic constraints on aggregate economic output. NBER Working
Paper 25779.

CANOVA, F. and CICCARELLI, M. (2004). Forecasting and turning point predictions in a Bayesian panel VAR
model. J. Econometrics 120 327–359. MR2058892 https://doi.org/10.1016/S0304-4076(03)00216-1

CANOVA, F. and CICCARELLI, M. (2009). Estimating multicountry VAR models. Internat. Econom. Rev. 50
929–959. MR2542805 https://doi.org/10.1111/j.1468-2354.2009.00554.x

CANOVA, F. and CICCARELLI, M. (2013). Panel vector autoregressive models: A survey. In VAR Mod-
els in Macroeconomics—New Developments and Applications: Essays in Honor of Christopher A. Sims.
Adv. Econom. 32 205–246. Emerald Group Publ, Ltd., Bingley. MR3496837 https://doi.org/10.1108/
S0731-905320130000031006

CARRIERO, A., CLARK, T. E. and MARCELLINO, M. (2019). Large Bayesian vector autoregressions with
stochastic volatility and non-conjugate priors. J. Econometrics 212 137–154. MR3994011 https://doi.org/10.
1016/j.jeconom.2019.04.024

CASHIN, P., MOHADDES, K. and RAISSI, M. (2017). Fair weather or foul? The macroeconomic effects of El
Niño. J. Int. Econ. 106 37–54.

CHAN, J., EISENSTAT, E. and YU, X. (2022). Large Bayesian VARs with factor stochastic volatility: Identifica-
tion, order invariance and structural analysis. arXiv:2207.03988.

CRESPO CUARESMA, J., FELDKIRCHER, M. and HUBER, F. (2016). Forecasting with global vector autoregres-
sive models: A Bayesian approach. J. Appl. Econometrics 31 1371–1391. MR3580905 https://doi.org/10.1002/
jae.2504

DE NICOLA, F., DE PACE, P. and HERNANDEZ, M. A. (2016). Co-movement of major energy, agricultural, and
food commodity price returns: A time-series assessment. Energy Econ. 57 28–41. https://doi.org/10.1016/j.
eneco.2016.04.012

DEES, S., DI MAURO, F., PESARAN, M. H. and SMITH, L. V. (2007). Exploring the international linkages of the
Euro area: A global VAR analysis. J. Appl. Econometrics 22 1–38. MR2359200 https://doi.org/10.1002/jae.932

DOAN, T. R., LITTERMAN, B. R. and SIMS, C. A. (1984). Forecasting and conditional projection using realistic
prior distributions. Econometric Rev. 3 1–100.

DRUDI, F., MOENCH, E., HOLTHAUSEN, C., WEBER, P.-F., FERRUCCI, G., SETZER, R., NINO, V. D., BAR-
BIERO, F., FACCIA, D. et al. (2021). Climate change and monetary policy in the euro area.

ELLER, M., HUBER, F. and SCHUBERTH, H. (2020). How important are global factors for understanding the
dynamics of international capital flows? J. Int. Money Financ. 109 102221.

ENDERS, W. and HOLT, M. T. (2014). The Evolving Relationships Between Agricultural and Energy Commodity
Prices: A Shifting-Mean Vector Autoregressive Analysis. Univ. Chicago Press, Chicago.

FAO (2017). The Future of Food and Agriculture: Trends and Challenges. FAO, Rome.
FELDKIRCHER, M. and HUBER, F. (2016). The international transmission of US shocks?evidence from Bayesian

global vector autoregressions. Eur. Econ. Rev. 81 167–188.
FELDKIRCHER, M., HUBER, F., KOOP, G. and PFARRHOFER, M. (2022). Approximate Bayesian inference and

forecasting in huge-dimensional multicountry VARs. Internat. Econom. Rev. forthcoming. https://doi.org/10.
1111/iere.12577

FRÜHWIRTH-SCHNATTER, S. (2001). Markov chain Monte Carlo estimation of classical and dynamic
switching and mixture models. J. Amer. Statist. Assoc. 96 194–209. MR1952732 https://doi.org/10.1198/
016214501750333063

FRÜHWIRTH-SCHNATTER, S. (2006). Finite Mixture and Markov Switching Models. Springer Series in Statistics.
Springer, New York. MR2265601

FRÜHWIRTH-SCHNATTER, S. (2011). Dealing with label switching under model uncertainty. In Mixtures: Esti-
mation and Applications. Wiley Ser. Probab. Stat. 213–239. Wiley, Chichester. MR2883354 https://doi.org/10.
1002/9781119995678.ch10

FRÜHWIRTH-SCHNATTER, S. and KAUFMANN, S. (2008). Model-based clustering of multiple time series. J.
Bus. Econom. Statist. 26 78–89. MR2422063 https://doi.org/10.1198/073500107000000106

FRÜHWIRTH-SCHNATTER, S., TÜCHLER, R. and OTTER, T. (2004). Bayesian analysis of the heterogeneity
model. J. Bus. Econom. Statist. 22 2–15. MR2028204 https://doi.org/10.1198/073500103288619331

GARCIA, P., IRWIN, S. H. and SMITH, A. (2015). Futures market failure? Am. J. Agric. Econ. 97 40–64.
https://doi.org/10.1093/ajae/aau067

GAUPP, F., PFLUG, G., HOCHRAINER-STIGLER, S., HALL, J. and DADSON, S. (2017). Dependency of crop
production between global breadbaskets: A copula approach for the assessment of global and regional risk
pools. Risk Anal. 37 2212–2228. https://doi.org/10.1111/risa.12761

GEORGIADIS, G. (2015). Examining asymmetries in the transmission of monetary policy in the euro area: Evi-
dence from a mixed cross-section global VAR model. Eur. Econ. Rev. 75 195–215.

GILBERT, C. L. (2010). How to understand high food prices. J. Agric. Econ. 61 398–425. https://doi.org/10.1111/
j.1477-9552.2010.00248.x

https://mathscinet.ams.org/mathscinet-getitem?mr=2058892
https://doi.org/10.1016/S0304-4076(03)00216-1
https://mathscinet.ams.org/mathscinet-getitem?mr=2542805
https://doi.org/10.1111/j.1468-2354.2009.00554.x
https://mathscinet.ams.org/mathscinet-getitem?mr=3496837
https://doi.org/10.1108/S0731-905320130000031006
https://mathscinet.ams.org/mathscinet-getitem?mr=3994011
https://doi.org/10.1016/j.jeconom.2019.04.024
http://arxiv.org/abs/arXiv:2207.03988
https://mathscinet.ams.org/mathscinet-getitem?mr=3580905
https://doi.org/10.1002/jae.2504
https://doi.org/10.1016/j.eneco.2016.04.012
https://mathscinet.ams.org/mathscinet-getitem?mr=2359200
https://doi.org/10.1002/jae.932
https://doi.org/10.1111/iere.12577
https://mathscinet.ams.org/mathscinet-getitem?mr=1952732
https://doi.org/10.1198/016214501750333063
https://mathscinet.ams.org/mathscinet-getitem?mr=2265601
https://mathscinet.ams.org/mathscinet-getitem?mr=2883354
https://doi.org/10.1002/9781119995678.ch10
https://mathscinet.ams.org/mathscinet-getitem?mr=2422063
https://doi.org/10.1198/073500107000000106
https://mathscinet.ams.org/mathscinet-getitem?mr=2028204
https://doi.org/10.1198/073500103288619331
https://doi.org/10.1093/ajae/aau067
https://doi.org/10.1111/risa.12761
https://doi.org/10.1111/j.1477-9552.2010.00248.x
https://doi.org/10.1108/S0731-905320130000031006
https://doi.org/10.1016/j.jeconom.2019.04.024
https://doi.org/10.1002/jae.2504
https://doi.org/10.1016/j.eneco.2016.04.012
https://doi.org/10.1111/iere.12577
https://doi.org/10.1198/016214501750333063
https://doi.org/10.1002/9781119995678.ch10
https://doi.org/10.1111/j.1477-9552.2010.00248.x


GRIFFIN, J. E. and BROWN, P. J. (2010). Inference with normal-gamma prior distributions in regression prob-
lems. Bayesian Anal. 5 171–188. MR2596440 https://doi.org/10.1214/10-BA507

GUERRERO, S., HERNÁNDEZ-DEL VALLE, G. and JUÁREZ-TORRES, M. (2017). Using a functional approach
to test trending volatility in the price of Mexican and international agricultural products. J. Agric. Econ. 48
3–13. https://doi.org/10.1111/agec.12290

HARARI, M. and FERRARA, E. L. (2018). Conflict, climate and cells: A disaggregated analysis. Rev. Econ. Stat.
100 594–608.

HARRI, A., NALLEY, L. and HUDSON, D. (2009). The relationship between oil, exchange rates, and
commodity prices. Journal of Agricultural and Applied Economics 41 501–510. https://doi.org/10.1017/
S1074070800002959

HAUZENBERGER, N., HUBER, F., KOOP, G. and ONORANTE, L. (2021). Fast and flexible Bayesian inference
in time-varying parameter regression models. J. Bus. Econom. Statist. 1–15.

HAVLÍK, P., SCHNEIDER, U. A., SCHMID, E., BÖTTCHER, H., FRITZ, S., SKALSKÝ, R., AOKI, K.,
CARA, S. D., KINDERMANN, G. et al. (2011). Global land-use implications of first and second generation
biofuel targets. Energy Policy 39 5690–5702. https://doi.org/10.1016/j.enpol.2010.03.030

HEADEY, D. (2011). Rethinking the global food crisis: The role of trade shocks. Food Policy 36 136–146.
https://doi.org/10.1016/j.foodpol.2010.10.003

HIRSCH, C., KRISZTIN, T. and SEE, L. (2020). Water resources as determinants for foreign direct investments
in land-a gravity analysis of foreign land acquisitions. Ecol. Econ. 170 106516.

HUANG, H., VON LAMPE, M. and VAN TONGEREN, F. (2011). Climate change and trade in agriculture. Food
Policy 36 S9–S13. https://doi.org/10.1016/j.foodpol.2010.10.008

HUBER, F. (2016). Density forecasting using Bayesian global vector autoregressions with stochastic volatility.
Int. J. Forecast. 32 818–837.

HUBER, F. and FELDKIRCHER, M. (2019). Adaptive shrinkage in Bayesian vector autoregressive models. J. Bus.
Econom. Statist. 37 27–39. MR3910223 https://doi.org/10.1080/07350015.2016.1256217

HUBER, F., KRISZTIN, T. and PFARRHOFER, M. (2023). Supplement to “A Bayesian panel vector autore-
gression to analyze the impact of climate shocks on high-income economies.” https://doi.org/10.1214/
22-AOAS1681SUPPA, https://doi.org/10.1214/22-AOAS1681SUPPB

HUBER, F., KRISZTIN, T. and PIRIBAUER, P. (2017). Forecasting global equity indices using large Bayesian
vars. Bull. Econ. Res. 69 288–308. MR3680268 https://doi.org/10.1111/boer.12094

IFPRI (2008). High Food Prices: The What, Who, and How of Proposed Policy Actions. IFPRI, Washington DC.
ISHWARAN, H., JAMES, L. F. and SUN, J. (2001). Bayesian model selection in finite mixtures by

marginal density decompositions. J. Amer. Statist. Assoc. 96 1316–1332. MR1946579 https://doi.org/10.1198/
016214501753382255

JANSSENS, C., HAVLÍK, P., KRISZTIN, T., BAKER, J., FRANK, S., HASEGAWA, T., LECLÈRE, D., OHREL, S.,
RAGNAUTH, S. et al. (2020). Global hunger and climate change adaptation through international trade. Nat.
Clim. Change 10 829–835.

JAROCIŃSKI, M. (2010). Responses to monetary policy shocks in the East and the West of Europe: A comparison.
J. Appl. Econometrics 25 833–868. MR2756988 https://doi.org/10.1002/jae.1082

JEBABLI, I., AROURI, M. and TEULON, F. (2014). On the effects of world stock market and oil price shocks on
food prices: An empirical investigation based on TVP-VAR models with stochastic volatility. Energy Econ. 45
66–98. https://doi.org/10.1016/j.eneco.2014.06.008

KASTNER, G. (2019a). Sparse Bayesian time-varying covariance estimation in many dimensions. J. Econometrics
210 98–115. MR3944765 https://doi.org/10.1016/j.jeconom.2018.11.007

KASTNER, G. (2019b). factorstochvol: Bayesian Estimation of (Sparse) Latent Factor Stochastic Volatility
Models. R-package version 0.9.

KASTNER, G. and HUBER, F. (2020). Sparse Bayesian vector autoregressions in huge dimensions. J. Forecast.
39 1142–1165. MR4161021 https://doi.org/10.1002/for.2680

KIM, H. S., MATTHES, C. and PHAN, T. (2021). Extreme Weather and the Macroeconomy. Available at SSRN
3918533.

KOOP, G. and KOROBILIS, D. (2016). Model uncertainty in panel vector autoregressive models. Eur. Econ. Rev.
81 115–131.

KOOP, G. and KOROBILIS, D. (2018). Forecasting with high-dimensional panel VARs. Essex Finance Centre
Working Papers 31.

KOROBILIS, D. (2016). Prior selection for panel vector autoregressions. Comput. Statist. Data Anal. 101 110–
120. MR3504839 https://doi.org/10.1016/j.csda.2016.02.011

LENG, G. and HALL, J. (2019). Crop yield sensitivity of global major agricultural countries to droughts and
the projected changes in the future. Science of the Total Environment 654 811–821. https://doi.org/10.1016/j.
scitotenv.2018.10.434

https://mathscinet.ams.org/mathscinet-getitem?mr=2596440
https://doi.org/10.1214/10-BA507
https://doi.org/10.1111/agec.12290
https://doi.org/10.1017/S1074070800002959
https://doi.org/10.1016/j.enpol.2010.03.030
https://doi.org/10.1016/j.foodpol.2010.10.003
https://doi.org/10.1016/j.foodpol.2010.10.008
https://mathscinet.ams.org/mathscinet-getitem?mr=3910223
https://doi.org/10.1080/07350015.2016.1256217
https://doi.org/10.1214/22-AOAS1681SUPPA
https://doi.org/10.1214/22-AOAS1681SUPPB
https://mathscinet.ams.org/mathscinet-getitem?mr=3680268
https://doi.org/10.1111/boer.12094
https://mathscinet.ams.org/mathscinet-getitem?mr=1946579
https://doi.org/10.1198/016214501753382255
https://mathscinet.ams.org/mathscinet-getitem?mr=2756988
https://doi.org/10.1002/jae.1082
https://doi.org/10.1016/j.eneco.2014.06.008
https://mathscinet.ams.org/mathscinet-getitem?mr=3944765
https://doi.org/10.1016/j.jeconom.2018.11.007
https://mathscinet.ams.org/mathscinet-getitem?mr=4161021
https://doi.org/10.1002/for.2680
https://mathscinet.ams.org/mathscinet-getitem?mr=3504839
https://doi.org/10.1016/j.csda.2016.02.011
https://doi.org/10.1016/j.scitotenv.2018.10.434
https://doi.org/10.1017/S1074070800002959
https://doi.org/10.1214/22-AOAS1681SUPPA
https://doi.org/10.1198/016214501753382255
https://doi.org/10.1016/j.scitotenv.2018.10.434


LENK, P. J. and DESARBO, W. S. (2000). Bayesian inference for finite mixtures of generalized linear models
with random effects. Psychometrika 65 93–119.

LUCOTTE, Y. (2016). Co-movements between crude oil and food prices: A post-commodity boom perspective.
Econom. Lett. 147 142–147. MR3552172 https://doi.org/10.1016/j.econlet.2016.08.032

MALSINER-WALLI, G., FRÜHWIRTH-SCHNATTER, S. and GRÜN, B. (2016). Model-based clustering based
on sparse finite Gaussian mixtures. Stat. Comput. 26 303–324. MR3439375 https://doi.org/10.1007/
s11222-014-9500-2

MINOT, N. (2014). Food price volatility in sub-Saharan Africa: Has it really increased? Food Policy 45 45–56.
https://doi.org/10.1016/j.foodpol.2013.12.008

MIRANDA-AGRIPPINO, S. and REY, H. (2020). U.S. monetary policy and the global financial cycle. Rev. Econ.
Stud. 87 2754–2776. MR4170663 https://doi.org/10.1093/restud/rdaa019

NAZLIOGLU, S. (2011). World oil and agricultural commodity prices: Evidence from nonlinear causality. Energy
Policy 39 2935–2943. https://doi.org/10.1016/j.enpol.2011.03.001

NAZLIOGLU, S. and SOYTAS, U. (2011). World oil prices and agricultural commodity prices: Evidence from an
emerging market. Energy Economics 33 488–496. https://doi.org/10.1016/j.eneco.2010.11.012

NAZLIOGLU, S. and SOYTAS, U. (2012). Oil price, agricultural commodity prices, and the dollar: A panel cointe-
gration and causality analysis. Energy Economics 34 1098–1104. https://doi.org/10.1016/j.eneco.2011.09.008

PARK, T. and CASELLA, G. (2008). The Bayesian lasso. J. Amer. Statist. Assoc. 103 681–686. MR2524001
https://doi.org/10.1198/016214508000000337

PESARAN, M. H., SCHUERMANN, T. and WEINER, S. M. (2004). Modeling regional interdependencies us-
ing a global error-correcting macroeconometric model. J. Bus. Econom. Statist. 22 129–181. MR2041460
https://doi.org/10.1198/073500104000000019

PITT, M. K. and SHEPHARD, N. (1999). Time-varying covariances: A factor stochastic volatility approach. In
Bayesian Statistics, 6 (Alcoceber, 1998) 547–570. Oxford Univ. Press, New York. MR1724873

PUMA, M. J., BOSE, S., CHON, S. Y. and COOK, B. I. (2015). Assessing the evolving fragility of the global
food system. Environmental Research Letters 10. https://doi.org/10.1088/1748-9326/10/2/024007

ROBERTS, M. J. and SCHLENKER, W. (2013). Identifying supply and demand elasticities of agricultural com-
modities: Implications for the US ethanol mandate. American Economic Review 103 2265–2295.

ROUSSEAU, J. and MENGERSEN, K. (2011). Asymptotic behaviour of the posterior distribution in overfitted
mixture models. J. R. Stat. Soc. Ser. B Stat. Methodol. 73 689–710. MR2867454 https://doi.org/10.1111/j.
1467-9868.2011.00781.x

SAGHAIAN, S. H. (2010). The impact of the oil sector on commodity prices: Correlation or causation? Journal
of Agricultural and Applied Economics 42 477–485. https://doi.org/10.1017/S1074070800003667

SANDSTRÖM, V., VALIN, H., KRISZTIN, T., HAVLÍK, P., HERRERO, M. and KASTNER, T. (2018). The role of
trade in the greenhouse gas footprints of EU diets. Global Food Security 19 48–55. https://doi.org/10.1016/j.
gfs.2018.08.007

SERRA, T., ZILBERMAN, D., GIL, J. M. and GOODWIN, B. K. (2011). Nonlinearities in the U.S. corn-ethanol-
oil-gasoline price system. Agricultural Economics 42 35–45. https://doi.org/10.1111/j.1574-0862.2010.00464.
x

URBAN, D. W., ROBERTS, M. J., SCHLENKER, W. and LOBELL, D. B. (2015). The effects of extremely wet
planting conditions on maize and soybean yields. Climatic Change 130 247–260.

VAN HUELLEN, S. (2018). How financial investment distorts food prices: Evidence from U.S. grain markets.
Agricultural Economics 49 171–181. https://doi.org/10.1111/agec.12406

VAN DER VELDE, M., TUBIELLO, F. N., VRIELING, A. and BOURAOUI, F. (2012). Impacts of extreme weather
on wheat and maize in France: Evaluating regional crop simulations against observed data. Climatic Change
113 751–765. https://doi.org/10.1007/s10584-011-0368-2

YAU, C. and HOLMES, C. (2011). Hierarchical Bayesian nonparametric mixture models for clustering with vari-
able relevance determination. Bayesian Anal. 6 329–351. MR2806247 https://doi.org/10.1214/11-BA612

https://mathscinet.ams.org/mathscinet-getitem?mr=3552172
https://doi.org/10.1016/j.econlet.2016.08.032
https://mathscinet.ams.org/mathscinet-getitem?mr=3439375
https://doi.org/10.1007/s11222-014-9500-2
https://doi.org/10.1016/j.foodpol.2013.12.008
https://mathscinet.ams.org/mathscinet-getitem?mr=4170663
https://doi.org/10.1093/restud/rdaa019
https://doi.org/10.1016/j.enpol.2011.03.001
https://doi.org/10.1016/j.eneco.2010.11.012
https://doi.org/10.1016/j.eneco.2011.09.008
https://mathscinet.ams.org/mathscinet-getitem?mr=2524001
https://doi.org/10.1198/016214508000000337
https://mathscinet.ams.org/mathscinet-getitem?mr=2041460
https://doi.org/10.1198/073500104000000019
https://mathscinet.ams.org/mathscinet-getitem?mr=1724873
https://doi.org/10.1088/1748-9326/10/2/024007
https://mathscinet.ams.org/mathscinet-getitem?mr=2867454
https://doi.org/10.1111/j.1467-9868.2011.00781.x
https://doi.org/10.1017/S1074070800003667
https://doi.org/10.1016/j.gfs.2018.08.007
https://doi.org/10.1111/j.1574-0862.2010.00464.x
https://doi.org/10.1111/j.1574-0862.2010.00464.x
https://doi.org/10.1111/agec.12406
https://doi.org/10.1007/s10584-011-0368-2
https://mathscinet.ams.org/mathscinet-getitem?mr=2806247
https://doi.org/10.1214/11-BA612
https://doi.org/10.1007/s11222-014-9500-2
https://doi.org/10.1111/j.1467-9868.2011.00781.x
https://doi.org/10.1016/j.gfs.2018.08.007


The Annals of Applied Statistics
2023, Vol. 17, No. 2, 1574–1591
https://doi.org/10.1214/22-AOAS1682
© Institute of Mathematical Statistics, 2023

ESTIMATION AND INFERENCE FOR EXPOSURE EFFECTS WITH
LATENCY IN THE COX PROPORTIONAL HAZARDS MODEL IN THE

PRESENCE OF EXPOSURE MEASUREMENT ERROR

BY SARAH B. PESKOE1,a, NING ZHANG2,b, DONNA SPIEGELMAN3,d AND

MOLIN WANG2,c

1Department of Biostatistics and Bioinformatics, Duke University School of Medicine, asarah.peskoe@duke.edu
2Department of Epidemiology, Harvard T.H. Chan School of Public Health, bning.zhang@channing.harvard.edu,

cstmow@channing.harvard.edu
3Center for Methods in Implementation and Prevention Science, Yale School of Public Health, ddonna.spiegelman@yale.edu

Researchers are often interested in estimating the effects of time-varying
exposures on health outcomes. The latency period, defined as the critical pe-
riod of susceptibility, can be an important component of exposure effect as-
sessment. Although it is widely known that many environmental, nutritional,
and other exposure measurements are prone to error and are also likely to act
only during a critical time window of susceptibility, no one has yet considered
the impact of this on the estimation of latency parameters in survival mod-
els. In this paper we derived methods for point and interval estimation for the
latency parameter and the regression coefficients in rare disease situations.
Under a linear measurement model, although the estimated hazard ratios are
biased, as has been previously demonstrated, we show that the latency pa-
rameter is approximately unbiased. Simulations and an illustrative example
investigating the prospective association between PM2.5 and lung cancer in-
cidence in the Nurses’ Health Study are included to evaluate the performance
of our method.
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In 2019, the World Health Organization identified dengue as one of
the top 10 global health threats. For the control of dengue, the Applying
Wolbachia to Eliminate Dengue (AWED) study group conducted a cluster-
randomized trial in Yogyakarta, Indonesia, and used a novel design, called
the cluster-randomized test-negative design (CR-TND). This design can yield
valid statistical inference with data collected by a passive surveillance system
and thus has the advantage of cost-efficiency compared to traditional cluster-
randomized trials. We investigate the statistical assumptions and properties
of CR-TND under a randomization inference framework, which is known
to be robust for small-sample problems. We find that, when the differen-
tial healthcare-seeking behavior comparing intervention and control varies
across clusters (in contrast to the setting of Dufault and Jewell (Stat. Med.
39 (2020a) 1429–1439) where the differential healthcare-seeking behavior is
constant across clusters), current analysis methods for CR-TND can be bi-
ased and have inflated type I error. We propose the log-contrast estimator that
can eliminate such bias and improve precision by adjusting for covariates.
Furthermore, we extend our methods to handle partial intervention compli-
ance and a stepped-wedge design, both of which appear frequently in cluster-
randomized trials. Finally, we demonstrate our results by simulation studies
and reanalysis of the AWED study.
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Nonhomogeneous hidden Markov models (NHMMs) are useful in mod-
eling sequential and autocorrelated data. Bayesian approaches, particularly
Markov chain Monte Carlo (MCMC) methods, are principal statistical in-
ference tools for NHMMs. However, MCMC sampling is computationally
demanding, especially for long observation sequences. We develop a vari-
ational Bayes (VB) method for NHMMs, which utilizes a structured varia-
tional family of Gaussian distributions with factorized covariance matrices to
approximate target posteriors, combining a forward-backward algorithm and
stochastic gradient ascent in estimation. To improve efficiency and handle ul-
tralong sequences, we further propose a subsequence VB (SVB) method that
works on subsamples. The SVB method exploits the memory decay property
of NHMMs and uses buffers to control for bias caused by breaking sequen-
tial dependence from subsampling. We highlight that the local nonhomogene-
ity of NHMMs substantially affects the required buffer lengths and propose
the use of local Lyapunov exponents that characterize local memory decay
rates of NHMMs and adaptively determine buffer lengths. Our methods are
validated in simulation studies and in modeling ultralong sequences of cus-
tomers’ telecom records to uncover the relationship between their mobile In-
ternet usage behaviors and conventional telecommunication behaviors.

REFERENCES

ABARBANEL, H. D. I., BROWN, R. and KENNEL, M. B. (1992). Local Lyapunov exponents computed from
observed data. J. Nonlinear Sci. 2 343–365. MR1186765 https://doi.org/10.1007/BF01208929

AICHER, C., MA, Y.-A., FOTI, N. J. and FOX, E. B. (2019). Stochastic gradient MCMC for state space models.
SIAM J. Math. Data Sci. 1 555–587. MR4010763 https://doi.org/10.1137/18M1214780

ALTMAN, R. M. (2007). Mixed hidden Markov models: An extension of the hidden Markov model to
the longitudinal data setting. J. Amer. Statist. Assoc. 102 201–210. MR2345538 https://doi.org/10.1198/
016214506000001086

ANDREWS, M., LUO, X., FANG, Z. and GHOSE, A. (2016). Mobile ad effectiveness: Hyper-contextual targeting
with crowdedness. Mark. Sci. 35 218–233. https://doi.org/10.1287/mksc.2015.0905

ANSARI, A., LI, Y. and ZHANG, J. Z. (2018). Probabilistic topic model for hybrid recommender systems:
A stochastic variational Bayesian approach. Mark. Sci. 37 987–1008.

ARNOLD, L. (1998). Random Dynamical Systems. Springer Monographs in Mathematics. Springer, Berlin.
MR1723992 https://doi.org/10.1007/978-3-662-12878-7

ASCARZA, E., NETZER, O. and HARDIE, B. G. S. (2018). Some customers would rather leave without saying
goodbye. Mark. Sci. 37 54–77. https://doi.org/10.1287/mksc.2017.1057

BAUM, L. E., PETRIE, T., SOULES, G. and WEISS, N. (1970). A maximization technique occurring in the
statistical analysis of probabilistic functions of Markov chains. Ann. Math. Stat. 41 164–171. MR0287613
https://doi.org/10.1214/aoms/1177697196

BLEI, D. M. and JORDAN, M. I. (2006). Variational inference for Dirichlet process mixtures. Bayesian Anal. 1
121–143. MR2227367 https://doi.org/10.1214/06-BA104

Key words and phrases. Nonhomogeneous hidden Markov model, variational Bayesian inference, local Lya-
punov exponents, mobile Internet usage.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/22-AOAS1685
http://www.imstat.org
mailto:xchen@math.msstate.edu
mailto:victor.li@ln.edu.hk
mailto:fengxiangnan@fudan.edu.cn
mailto:joseph.chang@yale.edu
https://mathscinet.ams.org/mathscinet-getitem?mr=1186765
https://doi.org/10.1007/BF01208929
https://mathscinet.ams.org/mathscinet-getitem?mr=4010763
https://doi.org/10.1137/18M1214780
https://mathscinet.ams.org/mathscinet-getitem?mr=2345538
https://doi.org/10.1198/016214506000001086
https://doi.org/10.1287/mksc.2015.0905
https://mathscinet.ams.org/mathscinet-getitem?mr=1723992
https://doi.org/10.1007/978-3-662-12878-7
https://doi.org/10.1287/mksc.2017.1057
https://mathscinet.ams.org/mathscinet-getitem?mr=0287613
https://doi.org/10.1214/aoms/1177697196
https://mathscinet.ams.org/mathscinet-getitem?mr=2227367
https://doi.org/10.1214/06-BA104
https://doi.org/10.1198/016214506000001086


BLEI, D. M., KUCUKELBIR, A. and MCAULIFFE, J. D. (2017). Variational inference: A review for statisticians.
J. Amer. Statist. Assoc. 112 859–877. MR3671776 https://doi.org/10.1080/01621459.2017.1285773

BOULDING, W., STAELIN, R., EHRET, M. and JOHNSTON, W. J. (2005). A customer relationship management
roadmap: What is known, potential pitfalls, and where to go. J. Mark. 69 155–166.

BRAUN, M. and MCAULIFFE, J. (2010). Variational inference for large-scale models of discrete choice. J. Amer.
Statist. Assoc. 105 324–335. MR2757203 https://doi.org/10.1198/jasa.2009.tm08030

CAPPÉ, O., MOULINES, E. and RYDÉN, T. (2005). Inference in Hidden Markov Models. Springer Series in
Statistics. Springer, New York. MR2159833

CHEN, X., LI, Y., CHANG, J. and FENG, X. (2023). Supplement to “Variational Bayesian analysis of
nonhomogeneous hidden Markov models with long and ultralong sequences.” https://doi.org/10.1214/
22-AOAS1685SUPPA, https://doi.org/10.1214/22-AOAS1685SUPPB

COLLET, P. and LEONARDI, F. (2014). Loss of memory of hidden Markov models and Lyapunov exponents.
Ann. Appl. Probab. 24 422–446. MR3161652 https://doi.org/10.1214/13-AAP929

FONG, N. M., FANG, Z. and LUO, X. (2015). Geo-conquesting: Competitive locational targeting of mobile
promotions. J. Mark. Res. 52 726–735. https://doi.org/10.1509/jmr.14.0229

FOTI, N., XU, J., LAIRD, D. and FOX, E. (2014). Stochastic variational inference for hidden Markov models. In
Advances in Neural Information Processing Systems 3599–3607.

FRÜHWIRTH-SCHNATTER, S. (2001). Markov chain Monte Carlo estimation of classical and dynamic
switching and mixture models. J. Amer. Statist. Assoc. 96 194–209. MR1952732 https://doi.org/10.1198/
016214501750333063

GENTZKOW, M., KELLY, B. and TADDY, M. (2019). Text as data. J. Econ. Lit. 57 535–574.
GNEITING, T. and RAFTERY, A. E. (2007). Strictly proper scoring rules, prediction, and estimation. J. Amer.

Statist. Assoc. 102 359–378. MR2345548 https://doi.org/10.1198/016214506000001437
HEAPS, S. E., BOYS, R. J. and FARROW, M. (2015). Bayesian modelling of rainfall data by using non-

homogeneous hidden Markov models and latent Gaussian variables. J. R. Stat. Soc. Ser. C. Appl. Stat. 64
543–568. MR3325463 https://doi.org/10.1111/rssc.12094

HOFFMAN, M. D., BLEI, D. M., WANG, C. and PAISLEY, J. (2013). Stochastic variational inference. J. Mach.
Learn. Res. 14 1303–1347. MR3081926

HOLSCLAW, T., GREENE, A. M., ROBERTSON, A. W. and SMYTH, P. (2017). Bayesian nonhomogeneous
Markov models via Pólya-gamma data augmentation with applications to rainfall modeling. Ann. Appl. Stat.
11 393–426. MR3634329 https://doi.org/10.1214/16-AOAS1009

HUGHES, J. P., GUTTORP, P. and CHARLES, S. P. (1999). A non-homogeneous hidden Markov model for pre-
cipitation occurrence. J. R. Stat. Soc. Ser. C. Appl. Stat. 48 15–30.

IP, E., ZHANG, Q., REJESKI, J., HARRIS, T. and KRITCHEVSKY, S. (2013). Partially ordered mixed hidden
Markov model for the disablement process of older adults. J. Amer. Statist. Assoc. 108 370–384. MR3174627
https://doi.org/10.1080/01621459.2013.770307

JORDAN, M. I., GHAHRAMANI, Z., JAAKKOLA, T. S. and SAUL, L. K. (1999). An introduction to variational
methods for graphical models. Mach. Learn. 37 183–233. https://doi.org/10.1023/A:1007665907178

KANG, K., CAI, J., SONG, X. and ZHU, H. (2019). Bayesian hidden Markov models for delineating the pathol-
ogy of Alzheimer’s disease. Stat. Methods Med. Res. 28 2112–2124. MR3977095 https://doi.org/10.1177/
0962280217748675

KANI, A., DESARBO, W. S. and FONG, D. K. H. (2018). A factorial hidden Markov model for the analysis of
temporal change in choice models. Cust. Needs Solut. 5 162–177. https://doi.org/10.1007/s40547-018-0088-0

KINGMA, D. P. and BA, J. (2015). Adam: A method for stochastic optimization. In 3rd International Conference
on Learning Representations, ICLR 2015, San Diego, CA, USA, May 7–9, 2015, Conference Track Proceed-
ings.

KINGMA, D. P. and WELLING, M. (2014). Auto-encoding variational Bayes. In Proceedings of the 2nd Interna-
tional Conference on Learning Representations (ICLR).

KOTLER, P. and KELLER, K. L. (2016). Marketing Management. Pearson Italia Spa.
KUCUKELBIR, A., TRAN, D., RANGANATH, R., GELMAN, A. and BLEI, D. M. (2017). Automatic differentia-

tion variational inference. J. Mach. Learn. Res. 18 Paper No. 14, 45 pp. MR3634881
LE GLAND, F. and MEVEL, L. (2000a). Basic properties of the projective product with application to prod-

ucts of column-allowable nonnegative matrices. Math. Control Signals Systems 13 41–62. MR1742139
https://doi.org/10.1007/PL00009860

LE GLAND, F. and MEVEL, L. (2000b). Exponential forgetting and geometric ergodicity in hidden Markov
models. Math. Control Signals Systems 13 63–93. MR1742140 https://doi.org/10.1007/PL00009861

LUO, X., ANDREWS, M., FANG, Z. and PHANG, C. W. (2014). Mobile targeting. Manage. Sci. 60 1738–1756.
https://doi.org/10.1287/mnsc.2013.1836

MA, Y., FOTI, N. J. and FOX, E. B. (2017). Stochastic gradient MCMC methods for hidden Markov models. In
Proceedings of the 34th International Conference on Machine Learning 70 2265–2274. JMLR.org.

https://mathscinet.ams.org/mathscinet-getitem?mr=3671776
https://doi.org/10.1080/01621459.2017.1285773
https://mathscinet.ams.org/mathscinet-getitem?mr=2757203
https://doi.org/10.1198/jasa.2009.tm08030
https://mathscinet.ams.org/mathscinet-getitem?mr=2159833
https://doi.org/10.1214/22-AOAS1685SUPPA
https://doi.org/10.1214/22-AOAS1685SUPPB
https://mathscinet.ams.org/mathscinet-getitem?mr=3161652
https://doi.org/10.1214/13-AAP929
https://doi.org/10.1509/jmr.14.0229
https://mathscinet.ams.org/mathscinet-getitem?mr=1952732
https://doi.org/10.1198/016214501750333063
https://mathscinet.ams.org/mathscinet-getitem?mr=2345548
https://doi.org/10.1198/016214506000001437
https://mathscinet.ams.org/mathscinet-getitem?mr=3325463
https://doi.org/10.1111/rssc.12094
https://mathscinet.ams.org/mathscinet-getitem?mr=3081926
https://mathscinet.ams.org/mathscinet-getitem?mr=3634329
https://doi.org/10.1214/16-AOAS1009
https://mathscinet.ams.org/mathscinet-getitem?mr=3174627
https://doi.org/10.1080/01621459.2013.770307
https://doi.org/10.1023/A:1007665907178
https://mathscinet.ams.org/mathscinet-getitem?mr=3977095
https://doi.org/10.1177/0962280217748675
https://doi.org/10.1007/s40547-018-0088-0
https://mathscinet.ams.org/mathscinet-getitem?mr=3634881
https://mathscinet.ams.org/mathscinet-getitem?mr=1742139
https://doi.org/10.1007/PL00009860
https://mathscinet.ams.org/mathscinet-getitem?mr=1742140
https://doi.org/10.1007/PL00009861
https://doi.org/10.1287/mnsc.2013.1836
https://doi.org/10.1214/22-AOAS1685SUPPA
https://doi.org/10.1198/016214501750333063
https://doi.org/10.1177/0962280217748675


MA, L., SUN, B. and KEKRE, S. (2015). The squeaky wheel gets the grease—An empirical analysis of customer
voice and firm intervention on Twitter. Mark. Sci. 34 627–645.

MCCULLAGH, P. (1980). Regression models for ordinal data. J. Roy. Statist. Soc. Ser. B 42 109–142. MR0583347
MELIGKOTSIDOU, L. and DELLAPORTAS, P. (2011). Forecasting with non-homogeneous hidden Markov mod-

els. Stat. Comput. 21 439–449. MR2806620 https://doi.org/10.1007/s11222-010-9180-5
MONTOYA, R., NETZER, O. and JEDIDI, K. (2010). Dynamic allocation of pharmaceutical detailing and sam-

pling for long-term profitability. Mark. Sci. 29 909–924. https://doi.org/10.1287/mksc.1100.0570
NEMIROVSKI, A., JUDITSKY, A., LAN, G. and SHAPIRO, A. (2009). Robust stochastic approximation approach

to stochastic programming. SIAM J. Optim. 19 1574–1609. MR2486041 https://doi.org/10.1137/070704277
NETZER, O., LATTIN, J. M. and SRINIVASAN, V. (2008). A hidden Markov model of customer relationship

dynamics. Mark. Sci. 27 185–204. https://doi.org/10.1287/mksc.1070.0294
ONG, V. M.-H., NOTT, D. J. and SMITH, M. S. (2018). Gaussian variational approximation with a factor covari-

ance structure. J. Comput. Graph. Statist. 27 465–478. MR3863750 https://doi.org/10.1080/10618600.2017.
1390472

PADILLA, N., MONTOYA, R. and NETZER, O. (2020). Heterogeneity in HMMs: Allowing for heterogeneity in
the number of states. Working Paper.

POLSON, N. G., SCOTT, J. G. and WINDLE, J. (2013). Bayesian inference for logistic models using Pólya-
Gamma latent variables. J. Amer. Statist. Assoc. 108 1339–1349. MR3174712 https://doi.org/10.1080/
01621459.2013.829001

RANGANATH, R., GERRISH, S. and BLEI, D. (2014). Black box variational inference. In Artificial Intelligence
and Statistics 814–822.

ROBBINS, H. and MONRO, S. (1951). A stochastic approximation method. Ann. Math. Stat. 22 400–407.
MR0042668 https://doi.org/10.1214/aoms/1177729586

SONG, X., XIA, Y. and ZHU, H. (2017). Hidden Markov latent variable models with multivariate longitudinal
data. Biometrics 73 313–323. MR3632377 https://doi.org/10.1111/biom.12536

SPEZIA, L. (2006). Bayesian analysis of non-homogeneous hidden Markov models. J. Stat. Comput. Simul. 76
713–725. MR2253194 https://doi.org/10.1080/10629360500108798

YE, X. (2018). Stochastic dynamics: Markov chains, random transformations and applications. Ph.D. thesis, Univ.
Washington.

ZEILER, M. D. (2012). ADADELTA: An adaptive learning rate method. arXiv E-prints.

https://mathscinet.ams.org/mathscinet-getitem?mr=0583347
https://mathscinet.ams.org/mathscinet-getitem?mr=2806620
https://doi.org/10.1007/s11222-010-9180-5
https://doi.org/10.1287/mksc.1100.0570
https://mathscinet.ams.org/mathscinet-getitem?mr=2486041
https://doi.org/10.1137/070704277
https://doi.org/10.1287/mksc.1070.0294
https://mathscinet.ams.org/mathscinet-getitem?mr=3863750
https://doi.org/10.1080/10618600.2017.1390472
https://mathscinet.ams.org/mathscinet-getitem?mr=3174712
https://doi.org/10.1080/01621459.2013.829001
https://mathscinet.ams.org/mathscinet-getitem?mr=0042668
https://doi.org/10.1214/aoms/1177729586
https://mathscinet.ams.org/mathscinet-getitem?mr=3632377
https://doi.org/10.1111/biom.12536
https://mathscinet.ams.org/mathscinet-getitem?mr=2253194
https://doi.org/10.1080/10629360500108798
https://doi.org/10.1080/10618600.2017.1390472
https://doi.org/10.1080/01621459.2013.829001


The Annals of Applied Statistics
2023, Vol. 17, No. 2, 1641–1662
https://doi.org/10.1214/22-AOAS1687
© Institute of Mathematical Statistics, 2023

HOW CLOSE AND HOW MUCH? LINKING HEALTH OUTCOMES TO
BUILT ENVIRONMENT SPATIAL DISTRIBUTIONS

BY ADAM T. PETERSON1,a, VERONICA J. BERROCAL2,
EMMA V. SANCHEZ-VAZNAUGH3 AND BRISA N. SÁNCHEZ4,b

1Department of Biostatistics, University of Michigan, aatpvyc@umich.edu
2Department of Statistics, University of California, Irvine

3Department of Public Health, San Francisco State University
4Department of Biostatistics and Epidemiology, Drexel University, bbns48@drexel.edu

Built environment features (BEFs) refer to aspects of the human con-
structed environment which may, in turn, support or restrict health related
behaviors and thus impact health. In this paper we are interested in under-
standing whether the spatial distribution and quantity of fast-food restaurants
(FFRs) influence the risk of obesity in schoolchildren. To achieve this goal,
we propose a two-stage Bayesian hierarchical modeling framework. In the
first stage, examining the position of FFRs relative to that of some reference
locations—in our case, schools—we model the distances of FFRs from these
reference locations as realizations of inhomogenous Poisson processes (IPP).
With the goal of identifying representative spatial patterns of exposure to
FFRs, we model the intensity functions of the IPPs using a Bayesian nonpara-
metric model, specifying a nested Dirichlet process prior. The second-stage
model relates exposure patterns to obesity. We offer two different approaches
to carry out the second stage; they differ in how they accommodate uncer-
tainty in the exposure patterns. In the first approach, the odds of obesity at
the school level is regressed on cluster indicators, each representing a ma-
jor pattern of exposure to FFRs. In the second, we employ Bayesian kernel
machine regression to relate the odds of obesity to the multivariate vector re-
porting the degree of similarity of a given school to all other schools. Our
analysis on the influence of patterns of FFR occurrence on obesity among
Californian schoolchildren has indicated that, in 2010, among schools that
are consistently assigned to a cluster, there is a lower odds of obesity among
ninth graders who attend schools with most distant FFR occurrences in a one-
mile radius, as compared to others.
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High-throughput sequencing technology allows us to test the composi-
tional difference of bacteria in different populations. One important feature
of human microbiome data is that it often includes a large number of ze-
ros. Such data can be treated as being generated from a two-part model that
includes a zero-point mass. Motivated by analysis of such nonnegative data
with excessive zeros, we introduce several truncated rank-based two-group
and multigroup tests, including a truncated rank-based Wilcoxon rank-sum
test for two-group comparison and two truncated Kruskal–Wallis tests for
multigroup comparisons. We show, both analytically through asymptotic rela-
tive efficiency analysis and by simulations, that the proposed tests have higher
power than the standard rank-based tests in typical microbiome data settings,
especially when the proportion of zeros in the data is high. The tests can also
be applied to repeated measurements of compositional data via simple within-
subject permutations. In a simple before-and-after treatment experiment, the
within-subject permutation is similar to the paired rank test. However, the
proposed tests handle the excessive zeros which leads to a better power. We
apply the tests to compare the microbiome compositions of healthy children
and pediatric Crohn’s disease patients and to assess the treatment effects
on microbiome compositions. We identify several bacterial genera that are
missed by the standard rank-based tests.
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We present distinct, a general method for differential analysis of full
distributions that is well suited to applications on single-cell data, such as
single-cell RNA sequencing and high-dimensional flow or mass cytometry
data. High-throughput single-cell data reveal an unprecedented view of cell
identity and allow complex variations between conditions to be discovered;
nonetheless, most methods for differential expression target differences in
the mean and struggle to identify changes where the mean is only marginally
affected. distinct is based on a hierarchical nonparametric permutation ap-
proach and, by comparing empirical cumulative distribution functions, iden-
tifies both differential patterns involving changes in the mean as well as more
subtle variations that do not involve the mean. We performed extensive bench-
marks across both simulated and experimental datasets from single-cell RNA
sequencing and mass cytometry data, where distinct shows favourable per-
formance, identifies more differential patterns than competitors, and displays
good control of false positive and false discovery rates. distinct is available
as a Bioconductor R package.
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Cesarean delivery is used when there are problems with the placenta or
umbilical cord, for twin pregnancies, and breech births. However, research
has found that Cesarean delivery increases the risk of maternal complications
like blood transfusions and admission to the intensive care unit. Here, us-
ing an instrumental variables study design to reduce bias from unobserved
confounders, we study whether Cesarean delivery increases the risk of ma-
ternal complications. We use a variant of matching—near-far matching—to
render our study design more plausible. In a near-far match the investigator
seeks to strengthen the effect of the instrument on the exposure while balanc-
ing observable characteristics between groups of subjects with low and high
values of the instrument. Extant near-far matching methods are computation-
ally intensive for large data sets, and computing time can be very lengthy. To
reduce the computational complexity of near-far matching in large observa-
tional studies, we apply an iterative form of Glover’s algorithm for a doubly
convex bipartite graph to determine an optimal reverse caliper for the instru-
ment which reduces the number of candidate matches and allows for an op-
timal match in a large but much sparser graph. We also incorporate a variety
of balance constraints, including exact matching, fine and near-fine balance,
and covariate balance prioritization. We illustrate this new matching method
using medical claims data from Pennsylvania, New York, and Florida. In our
application we match on physician’s preferences for delivery via Cesarean
section which is the instrument in our study. We compare the computing time
from our match to extant methods, and we find that we can reduce the com-
putational time required for the match by more than 11 hours. If our matched
sample came from a paired randomized experiment, we could conclude that
Cesarean delivery elevates the risk of maternal complications and increases
the time spent in the hospital. Sensitivity analysis shows that the estimates for
complications could be the result of a minor amount of confounding due to
an unobserved covariate. The effects on the length of stay outcome, however,
are more insensitive to hidden confounders.
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Studies examining the contribution of the built environment to health
often rely on commercial data sources to derive exposure measures, such
as the number of specific food outlets in study participants’ neighborhoods.
Data on the location of community amenities (e.g., food outlets) can be col-
lected from multiple sources. However, these commercial listings are known
to have ascertainment errors and thus provide conflicting claims about the
number and location of amenities. We propose a method that integrates expo-
sure measures from different databases, while accounting for ascertainment
errors, and obtains unbiased health effects of latent exposure. We frame the
problem of conflicting exposure measures as a problem of two contingency
tables with partially known margins, with the entries of the tables modeled
using a multinomial distribution. Available estimates of source quality were
embedded in a joint model for observed exposure counts, latent exposures,
and health outcomes. Simulations show that our modeling framework yields
substantially improved inferences regarding the health effects. We used the
proposed method to estimate the association between children’s body mass
index (BMI) and the concentration of food outlets near their schools when
both the NETS and Reference USA databases are available.
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End-to-end learners for autonomous driving are deep neural networks
that predict the instantaneous steering angle directly from images of the street
ahead. These learners must provide reliable uncertainty estimates for their
predictions in order to meet safety requirements and to initiate a switch to
manual control in areas of high uncertainty. However, end-to-end learners
typically only deliver point predictions, since distributional predictions are
associated with large increases in training time or additional computational
resources during prediction. To address this shortcoming, we investigate ef-
ficient and scalable approximate inference for the deep distributional model
of Klein, Nott and Smith (J. Comput. Graph. Statist. 30 (2021) 467–483)
in order to quantify uncertainty for the predictions of end-to-end learners.
A special merit of this model, which we refer to as implicit copula neural
linear model (IC-NLM), is that it produces densities for the steering angle
that are marginally calibrated, that is, the average of the estimated densities
equals the empirical distribution of steering angles. To ensure the scalabil-
ity to large n regimes, we develop efficient estimation based on variational
inference as a fast alternative to computationally intensive, exact inference
via Hamiltonian Monte Carlo. We demonstrate the accuracy and speed of the
variational approach on two end-to-end learners trained for highway driving
using the comma2k19 dataset. The IC-NLM is competitive with other es-
tablished uncertainty quantification methods for end-to-end learning in terms
of nonprobabilistic predictive performance and outperforms them in terms
of marginal calibration for in-distribution prediction. Our proposed approach
also allows the identification of overconfident learners and contributes to the
explainability of black-box end-to-end learners by using the predictive densi-
ties to understand which steering actions the learner sees as valid.
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Modern genome-wide association studies (GWAS) remove single nu-
cleotide polymorphisms (SNPs) that are in Hardy–Weinberg disequilibrium
(HWD), despite limited rigor for this practice. In a case-control GWAS, al-
though HWD in the control sample is an evidence for genotyping error, a truly
associated SNP may be in HWD in the case and/or control populations. We,
therefore, develop a new case-control association test that: (i) leverages HWD
attributed to true association to increase power, (ii) is robust to HWD caused
by genotyping error, and (iii) is easy-to-implement at the genome-wide level.
The proposed robust allele-based joint test incorporates the difference in
HWD between the case and control samples into the traditional association
measure to gain power. We provide the asymptotic distribution of the pro-
posed test statistic under the null hypothesis. We evaluate its type 1 error
control at the genome-wide significance level of 5 × 10−8 in the presence of
HWD attributed to factors unrelated to phenotype-genotype association, such
as genotyping error. Finally, we demonstrate that the power of the proposed
allele-based joint test is higher than the standard association test for a variety
of genetic models, through derivations of the noncentrality parameters of the
tests, as well as simulation and application studies.
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It is often of interest to combine available estimates of a similar quantity
from multiple data sources. When the corresponding variances of each esti-
mate are also available, a model should take into account the uncertainty of
the estimates themselves as well as the uncertainty in the estimation of vari-
ances. In addition, if there exists a strong association between estimates and
their variances, the correlation between these two quantities should also be
considered. In this paper we propose a bivariate hierarchical Bayesian model
that jointly models the estimates and their estimated variances, assuming a
correlation between these two measures. We conduct simulations to explore
the performance of the proposed bivariate Bayesian model and compare it
to other commonly used methods under different correlation scenarios. The
proposed bivariate Bayesian model has a wide range of applications. We illus-
trate its application in three very different areas: PET brain imaging studies,
meta-analysis, and small area estimation.
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