
ISSN 1932-6157 (print)
ISSN 1941-7330 (online)

THE ANNALS
of

APPLIED
STATISTICS

AN OFFICIAL JOURNAL OF THE
INSTITUTE OF MATHEMATICAL STATISTICS

Vol. 17, No. 4—December 2023

Articles

A multiagent reinforcement learning framework for off-policy evaluation in two-sided markets
CHENGCHUN SHI, RUNZHE WAN, GE SONG, SHIKAI LUO, HONGTU ZHU AND RUI SONG 2701

Modeling racial/ethnic differences in COVID-19 incidence with covariates subject to nonrandom
missingness . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ROB TRANGUCCI, YANG CHEN AND JON ZELNER 2723

Model-independent detection of new physics signals using interpretable SemiSupervised classifier tests
PURVASHA CHAKRAVARTI, MIKAEL KUUSELA, JING LEI AND LARRY WASSERMAN 2759

Predictive inference for travel time on transportation networks
MOHAMAD ELMASRI, AURÉLIE LABBE, DENIS LAROCQUE AND LAURENT CHARLIN 2796

A framework for covariate-specific ROC curve estimation, with application to biometric recognition
XIAOCHEN ZHU, MARTIN SLAWSKI AND LIANSHENG TANG 2821

Varying impacts of letters of recommendation on college admissions
ELI BEN-MICHAEL, AVI FELLER AND JESSE ROTHSTEIN 2843

Bayesian hierarchical modeling and analysis for actigraph data from wearable devices
PIERFRANCESCO ALAIMO DI LORO, MARCO MINGIONE, JONAH LIPSITT,

CHRISTINA M. BATTEATE, MICHAEL JERRETT AND SUDIPTO BANERJEE 2865
Bayesian learning of Covid-19 vaccine safety while incorporating adverse events ontology

BANGYAO ZHAO, YUAN ZHONG, JIAN KANG AND LILI ZHAO 2887
Addressing selection bias and measurement error in COVID-19 case count data using auxiliary

information . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . WALTER DEMPSEY 2903
Pairwise nonlinear dependence analysis of genomic data . . . . . SIQI XIANG, WAN ZHANG, SIYAO LIU,

KATHERINE A. HOADLEY, CHARLES M. PEROU, KAI ZHANG AND J. S. MARRON 2924
Generalized matrix decomposition regression: Estimation and inference for two-way structured data

YUE WANG, ALI SHOJAIE, TIMOTHY RANDOLPH, PARKER KNIGHT AND JING MA 2944
Targeting underrepresented populations in precision medicine: A federated transfer learning approach

SAI LI, TIANXI CAI AND RUI DUAN 2970
Building a dose toxo-equivalence model from a Bayesian meta-analysis of published clinical trials

ELIZABETH A. SIGWORTH, SAMUEL M. RUBINSTEIN, JEREMY L. WARNER,
YONG CHEN AND QINGXIA CHEN 2993

A Bayesian group selection with compositional responses for analysis of radiologic tumor proportions
and their genomic determinants . . . . . . . . . . . . . . . . . THIERRY CHEKOUO, FRANCESCO C. STINGO,

SHARIQ MOHAMMED, ARVIND RAO AND VEERABHADRAN BALADANDAYUTHAPANI 3013
A Bayesian decision framework for optimizing sequential combination antiretroviral therapy in people

with HIV . . . . . . . . . . . . . . . . . . . . WEI JIN, YANG NI, JANE O’HALLORAN, AMANDA B. SPENCE,
LEAH H. RUBIN AND YANXUN XU 3035

A dynamic spatial filtering approach to mitigate underestimation bias in field calibrated low-cost sensor
air pollution data . . . . . . . . . . . . . . . . . . . CLAIRE HEFFERNAN, ROGER PENG, DREW R. GENTNER,

KIRSTEN KOEHLER AND ABHIRUP DATTA 3056
Data-driven chimney fire risk prediction using machine learning and point process tools

CHANGQING LU, MARIE-COLETTE VAN LIESHOUT,
MAURITS DE GRAAF AND PAUL VISSCHER 3088

When ecological individual heterogeneity models and large data collide: An importance sampling
approach . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . RUTH KING, BLANCA SARZO AND VÍCTOR ELVIRA 3112

Design-based mapping of land use/land cover classes with bootstrap estimation of precision by
nearest-neighbour interpolation . . . . . . . . . . . . . . . . . AGNESE MARCELLI, ROSA MARIA DI BIASE,

PIERMARIA CORONA, STEPHEN V. STEHMAN AND LORENZO FATTORINI 3133

continued



ISSN 1932-6157 (print)
ISSN 1941-7330 (online)

THE ANNALS
of

APPLIED
STATISTICS

AN OFFICIAL JOURNAL OF THE
INSTITUTE OF MATHEMATICAL STATISTICS

Vol. 17, No. 4—December 2023

Articles—Continued from front cover

Identifying boundaries in spatially continuous risk surfaces from spatially aggregated disease count data
DUNCAN LEE 3153

Stochastic declustering of earthquakes with the spatiotemporal renewal ETAS model
TOM STINDL AND FENG CHEN 3173

Optimal sampling designs for multidimensional streaming time series with application to power grid
sensor data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . RUI XIE, SHUYANG BAI AND PING MA 3195

A Riemann manifold model framework for longitudinal changes in physical activity patterns
JINGJING ZOU, TUO LIN, CHONGZHI DI, JOHN BELLETTIERE, MARTA M. JANKOWSKA,

SHERI J. HARTMAN, DOROTHY D. SEARS, ANDREA Z. LACROIX,
CHERYL L. ROCK AND LOKI NATARAJAN 3216

A penalized complexity prior for deep Bayesian transfer learning with application to materials
informatics . . . . . . . . . . . . . MOHAMED A. ABBA, JONATHAN P. WILLIAMS AND BRIAN J. REICH 3241

A general framework for penalized mixed-effects multitask learning with applications on DNA
methylation surrogate biomarkers creation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ANDREA CAPPOZZO,

FRANCESCA IEVA AND GIOVANNI FIORITO 3257
A dynamic additive and multiplicative effects network model with application to the United Nations

voting behaviors . . . . . . . . . . . . . . . . BOMIN KIM, XIAOYUE NIU, DAVID HUNTER AND XUN CAO 3283
Sequential Monte Carlo for sampling balanced and compact redistricting plans

CORY MCCARTAN AND KOSUKE IMAI 3300
Estimating COVID-19 vaccine protection rates via dynamic epidemiological models—a study of 10

countries . . . . . . . . . . . . . . . . . . . . . . . . . . . . . YURU ZHU, JIA GU, YUMOU QIU AND SONG XI CHEN 3324
Estimating Covid-19 transmission time using Hawkes point processes . . . . . . . FREDERIC SCHOENBERG 3349
Joint stochastic simulation of extreme coastal and offshore significant wave heights

JULIETTE LEGRAND, PIERRE AILLIOT, PHILIPPE NAVEAU AND NICOLAS RAILLARD 3363
A reluctant additive model framework for interpretable nonlinear individualized treatment rules

JACOB M. MARONGE, JARED D. HULING AND GUANHUA CHEN 3384
Multimodel ensemble analysis with neural network Gaussian processes

TREVOR HARRIS, BO LI AND RYAN SRIVER 3403
Binned multinomial logistic regression for integrative cell-type annotation

KESHAV MOTWANI, RHONDA BACHER AND AARON J. MOLSTAD 3426
Compressed spectral screening for large-scale differential correlation analysis with application in

selecting Glioblastoma gene modules . . . . . . . . . . TIANXI LI, XIWEI TANG AND AJAY CHATRATH 3450
A statistical approach to estimating adsorption-isotherm parameters in gradient-elution preparative

liquid chromatography . . . . . . . . . . . . . . . . . . JIAJI SU, ZHIGANG YAO, CHENG LI AND YE ZHANG 3476
Accounting for seasonality in extreme sea-level estimation

ELEANOR D’ARCY, JONATHAN A. TAWN, AMÉLIE JOLY AND DAFNI E. SIFNIOTI 3500
Association and causation: Attributes and effects of judges in equal employment opportunity

commission litigation outcomes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . MICHAEL E. SOBEL,
GREGORY J. WAWRO AND SEAN FARHANG 3526

Debiased lasso for stratified Cox models with application to the national kidney transplant data
LU XIA, BIN NAN AND YI LI 3550

Continuous-time modelling of behavioural responses in animal movement . . . . . . . . . THÉO MICHELOT,
RICHARD GLENNIE, LEN THOMAS, NICOLA QUICK AND CATRIONA M. HARRIS 3570



THE ANNALS OF APPLIED STATISTICS Vol. 17, No. 4, pp. 2701–3588 December 2023



INSTITUTE OF MATHEMATICAL STATISTICS

(Organized September 12, 1935)

The purpose of the Institute is to foster the development and dissemination of the theory and
applications of statistics and probability.

The Annals of Applied Statistics [ISSN 1932-6157 (print); ISSN 1941-7330 (online)], Volume 17, Number 4,
December 2023. Published quarterly by the Institute of Mathematical Statistics, 9760 Smith Road, Waite Hill, Ohio
44094, USA. Periodicals postage pending at Cleveland, Ohio, and at additional mailing offices.

POSTMASTER: Send address changes to The Annals of Applied Statistics, Institute of Mathematical Statistics,
Dues and Subscriptions Office, PO Box 729, Middletown, Maryland 21769, USA.

Copyright © 2023 by the Institute of Mathematical Statistics
Printed in the United States of America

IMS OFFICERS

President: Michael Kosorok, Department of Biostatistics and Department of Statistics and Operations Research,
University of North Carolina, Chapel Hill, Chapel Hill, NC 27599, USA

President-Elect: Tony Cai, Department of Statistics and Data Science, University of Pennsylvania, Philadelphia,
PA 19104, USA

Past President: Peter Bühlmann, Seminar für Statistik, ETH Zürich, 8092 Zürich, Switzerland

Executive Secretary: Peter Hoff, Department of Statistical Science, Duke University, Durham, NC 27708-0251,
USA

Treasurer: Jiashun Jin, Department of Statistics, Carnegie Mellon University, Pittsburgh, PA 15213-3890, USA

Program Secretary: Annie Qu, Department of Statistics, University of California, Irvine, Irvine, CA 92697-3425,
USA

IMS PUBLICATIONS

The Annals of Statistics. Editors: Enno Mammen, Institute for Mathematics, Heidelberg University, 69120 Heidel-
berg, Germany. Lan Wang, Miami Herbert Business School, University of Miami, Coral Gables, FL 33124,
USA

The Annals of Applied Statistics. Editor-In-Chief : Ji Zhu, Department of Statistics, University of Michigan, Ann
Arbor, MI 48109, USA

The Annals of Probability. Editors: Alice Guionnet, Unité de Mathématiques Pures et Appliquées, ENS de Lyon,
Lyon, France. Christophe Garban, Institut Camille Jordan, Université Claude Bernard Lyon 1, 69622 Villeur-
banne, France

The Annals of Applied Probability. Editors: Kavita Ramanan, Division of Applied Mathematics, Brown Uni-
versity, Providence, RI 02912, USA. Qi-Man Shao, Department of Statistics and Data Science, Southern
University of Science and Technology, Shenzhen, Guangdong 518055, P.R. China

Statistical Science. Editor: Moulinath Banerjee, Department of Statistics, University of Michigan, Ann Arbor, MI
48109, USA

The IMS Bulletin. Editor: Tati Howell, bulletin@imstat.org

http://bulletin@imstat.org


The Annals of Applied Statistics
2023, Vol. 17, No. 4, 2701–2722
https://doi.org/10.1214/22-AOAS1700
© Institute of Mathematical Statistics, 2023

A MULTIAGENT REINFORCEMENT LEARNING FRAMEWORK FOR
OFF-POLICY EVALUATION IN TWO-SIDED MARKETS
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The two-sided markets, such as ride-sharing companies, often involve a
group of subjects who are making sequential decisions across time and/or lo-
cation. With the rapid development of smart phones and internet of things,
they have substantially transformed the transportation landscape of human
beings. In this paper we consider large-scale fleet management in ride-sharing
companies that involve multiple units in different areas receiving sequences
of products (or treatments) over time. Major technical challenges, such as pol-
icy evaluation, arise in those studies because: (i) spatial and temporal prox-
imities induce interference between locations and times, and (ii) the large
number of locations results in the curse of dimensionality. To address both
challenges simultaneously, we introduce a multiagent reinforcement learn-
ing (MARL) framework for carrying policy evaluation in these studies. We
propose novel estimators for mean outcomes under different products that are
consistent despite the high dimensionality of state-action space. The proposed
estimator works favorably in simulation experiments. We further illustrate our
method using a real dataset obtained from a two-sided marketplace company
to evaluate the effects of applying different subsidizing policies. A Python
implementation of our proposed method is available in the Supplementary
Material and also at https://github.com/RunzheStat/CausalMARL.
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MODELING RACIAL/ETHNIC DIFFERENCES IN COVID-19 INCIDENCE
WITH COVARIATES SUBJECT TO NONRANDOM MISSINGNESS
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Characterizing the cumulative burden of COVID-19 by race/ethnicity is
of the utmost importance for public health researchers and policy makers
in order to design effective mitigation measures. This analysis is hampered,
however, by surveillance case data with substantial missingness in race and
ethnicity covariates. Worse yet, this missingness likely depends on the values
of these missing covariates; that is, they are not-missing-at-random (NMAR).
We propose a Bayesian parametric model that leverages joint information on
spatial variation in the disease and covariate missingness processes and can
accommodate both MAR and NMAR missingness. We show that the model
is locally identifiable when the spatial distribution of the population covari-
ates is known and observed cases can be associated with a spatial unit of
observation. We also use a simulation study to investigate the model’s finite-
sample performance. We compare our model’s performance on NMAR data
against complete-case analysis and multiple imputation (MI), both of which
are commonly used by public health researchers when confronted with miss-
ing categorical covariates. Finally, we model spatial variation in cumulative
COVID-19 incidence in Wayne County, Michigan, using data from the Michi-
gan Department of Health and Human Services. The analysis suggests that
population relative risk estimates by race during the early part of the COVID-
19 pandemic in Michigan were understated for non-white residents, com-
pared to white residents, when cases missing race were dropped or had these
values imputed using MI.
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A central goal in experimental high energy physics is to detect new
physics signals that are not explained by known physics. In this paper we
aim to search for new signals that appear as deviations from known Standard
Model physics in high-dimensional particle physics data. To do this, we de-
termine whether there is any statistically significant difference between the
distribution of Standard Model background samples and the distribution of
the experimental observations which are a mixture of the background and
a potential new signal. Traditionally, one also assumes access to a sample
from a model for the hypothesized signal distribution. Here we instead in-
vestigate a model-independent method that does not make any assumptions
about the signal and uses a semisupervised classifier to detect the presence
of the signal in the experimental data. We construct three test statistics using
the classifier: an estimated likelihood ratio test (LRT) statistic, a test based
on the area under the ROC curve (AUC), and a test based on the misclassi-
fication error (MCE). Additionally, we propose a method for estimating the
signal strength parameter and explore active subspace methods to interpret
the proposed semisupervised classifier in order to understand the properties
of the detected signal. We also propose a score test statistic that can be used in
the model-dependent setting. We investigate the performance of the methods
on a simulated data set related to the search for the Higgs boson at the Large
Hadron Collider at CERN. We demonstrate that the semisupervised tests have
power competitive with the classical supervised methods for a well-specified
signal but much higher power for an unexpected signal which might be en-
tirely missed by the supervised tests.
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Recent statistical methods fitted on large-scale GPS data can provide ac-
curate estimations of the expected travel time between two points. However,
little is known about the distribution of travel time, which is key to decision-
making across a number of logistic problems. With sufficient data single
road-segment travel time can be well approximated. The challenge lies in
understanding how to aggregate such information over a route to arrive at the
route-distribution of travel time. We develop a novel statistical approach to
this problem. We show that, under general conditions and without assuming
a distribution of speed, travel time divided by route distance follows a Gaus-
sian distribution with route-invariant population mean and variance. We de-
velop efficient inference methods for these parameters and propose asymptot-
ically tight population prediction intervals for travel time. Using traffic flow
information, we further develop a trip-specific Gaussian-based predictive dis-
tribution, resulting in tight prediction intervals for short and long trips. Our
methods, implemented in an R-package,1 are illustrated in a real-world case
study using mobile GPS data, showing that our trip-specific and population
intervals both achieve the 95% theoretical coverage levels. Compared to al-
ternative approaches, our trip-specific predictive distribution achieves: (a) the
theoretical coverage at every level of significance, (b) tighter prediction inter-
vals, (c) less predictive bias, and (d) more efficient estimation and prediction
procedures. This makes our approach promising for low-latency, large-scale
transportation applications.
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Biometric traits, such as fingerprints, facial images, and teeth impres-
sions, are often used in forensic analysis to identify crime suspects. Matching
such biometric traits is not perfect, and recent reports have indicated the need
for quantifiable measures of error rates for (these) possible matches. Often,
comparisons between two sets of a trait are scored with a higher score indi-
cating a higher likelihood that the sets are a match. Adjustment of the cutoff
for which a match is declared yields a trade-off between false positive and
false negative decisions that can be represented by an ROC curve. In this pa-
per we study modeling of such ROC curves conditional on covariates, for
example, demographic information about source subjects, quality properties
of the underlying biometric measurements, or characteristics of forensic ex-
aminers; quantifying how error rates vary in dependence of such covariates
is often considerably more meaningful in biometrics and forensics than the
“raw” error rates based on the pooled data. We herein develop a framework
for estimating covariate-specific ROC curves that integrates robustness, het-
eroscedasticity, and stochastic ordering. The latter is of specific relevance in
the given application since biometric recognition systems are typically cali-
brated to assign higher scores to matching pairs than to nonmatching pairs.
The proposed methodology is demonstrated on accuracy of face recognition
and fingerprint matching and also has potential in other domains of applica-
tion like medical diagnostics.
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In a pilot program during the 2016–17 admissions cycle, the University
of California, Berkeley invited many applicants for freshman admission to
submit letters of recommendation. This proved controversial within the uni-
versity, with concerns that this change would further disadvantage applicants
from disadvantaged groups. To inform this debate, we use this pilot as the
basis for an observational study of the impact of submitting letters of recom-
mendation on subsequent admission, with the goal of estimating how impacts
vary across predefined subgroups. Understanding this variation is challeng-
ing in an observational setting because estimated impacts reflect both actual
treatment effect variation and differences in covariate balance across groups.
To address this, we develop balancing weights that directly optimize for “lo-
cal balance” within subgroups while maintaining global covariate balance
between treated and control units. Applying this approach to the UC Berke-
ley pilot study yields excellent local and global balance, unlike more tradi-
tional weighting methods, which fail to balance covariates within subgroups.
We find that the impact of letters of recommendation increases with applicant
strength. However, we find little average difference for applicants from disad-
vantaged groups, although this result is more mixed. In the end we conclude
that soliciting letters of recommendation from a broader pool of applicants
would not meaningfully change the composition of admitted undergraduates.
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The majority of Americans fail to achieve recommended levels of physi-
cal activity, which leads to numerous preventable health problems, such as di-
abetes, hypertension, and heart diseases. This has generated substantial inter-
est in monitoring human activity to gear interventions toward environmental
features that may relate to higher physical activity. Wearable devices, such as
wrist-worn sensors that monitor gross motor activity (actigraph units) contin-
uously record the activity levels of a subject, producing massive amounts of
high-resolution measurements. Analyzing actigraph data needs to account for
spatial and temporal information on trajectories or paths traversed by subjects
wearing such devices. Inferential objectives include estimating a subject’s
physical activity levels along a given trajectory, identifying trajectories that
are more likely to produce higher levels of physical activity for a given sub-
ject, and predicting expected levels of physical activity in any proposed new
trajectory for a given set of health attributes. Here, we devise a Bayesian hier-
archical modeling framework for spatial-temporal actigraphy data to deliver
fully model-based inference on trajectories while accounting for subject-level
health attributes and spatial-temporal dependencies. We undertake a compre-
hensive analysis of an original dataset from the Physical Activity through
Sustainable Transport Approaches in Los Angeles (PASTA-LA) study to as-
certain spatial zones and trajectories exhibiting significantly higher levels of
physical activity while accounting for various sources of heterogeneity.
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While vaccines are crucial to end the COVID-19 pandemic, public con-
fidence in vaccine safety has always been vulnerable. Many statistical meth-
ods have been applied to VAERS (Vaccine Adverse Event Reporting Sys-
tem) database to study the safety of COVID-19 vaccines. However, none of
these methods considered the adverse event (AE) ontology. AEs are natu-
rally related; for example, events of retching, dysphagia, and reflux are all
related to an abnormal digestive system. Explicitly bringing AE relationships
into the model can aid in the detection of true AE signals amid the noise
while reducing false positives. We propose a Bayesian graph-assisted signal
selection (BGrass) model to simultaneously estimate all AEs while incor-
porating the network of dependence between AEs. Under a fully Bayesian
inference framework, we also propose a negative control approach to miti-
gate the reporting bias and an enrichment approach to detecting AE groups
of concern. For posterior computation we construct an equivalent model rep-
resentation and develop an efficient Gibbs sampler. We evaluate the perfor-
mance of BGrass via extensive simulations. To study the safety of COVID-19
vaccines, we apply BGrass to analyze approximately one million VAERS re-
ports (01/01/2016–12/24/2021) involving more than 800 AEs. In particular,
we found that blood clots (including deep vein thrombosis, thrombosis, and
pulmonary embolism) are more likely to be reported after COVID-19 vacci-
nation, compared to influenza vaccines. They are also reported more often for
Johnson & Johnson–Janssen vaccine, compared to mRNA-based COVID-19
vaccines. A user-friendly R package BGrass that implements the proposed
methods to assess vaccine safety is included in the Supplementary Material
and is publicly available at https://github.com/BangyaoZhao/BGrass.
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ADDRESSING SELECTION BIAS AND MEASUREMENT ERROR IN
COVID-19 CASE COUNT DATA USING AUXILIARY INFORMATION

BY WALTER DEMPSEYa

Department of Biostatistics, University of Michigan, awdem@umich.edu

Coronavirus case-count data has influenced government policies and
drives most epidemiological forecasts. Limited testing is cited as the key
driver behind minimal information on the COVID-19 pandemic. While ex-
panded testing is laudable, measurement error and selection bias are the two
greatest problems limiting our understanding of the COVID-19 pandemic;
neither can be fully addressed by increased testing capacity. In this paper
we demonstrate their impact on estimation of point prevalence and the effec-
tive reproduction number. We show that estimates, based on the millions of
molecular tests in the U.S., have the same mean square error as a small simple
random sample. To address this, a procedure is presented that combines case-
count data and random samples over time to estimate selection propensities
based on key covariate information. We then combine these selection propen-
sities with epidemiological forecast models to construct a doubly robust esti-
mation method that accounts for both measurement-error and selection bias.
This method is then applied to estimate Indiana’s active infection prevalence
using case-count, hospitalization, and death data with demographic informa-
tion, a statewide random molecular sample collected from April 25–29, 2020,
and Delphi’s COVID-19 Trends and Impact Survey. We end with a series of
recommendations based on the proposed methodology.
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In The Cancer Genome Atlas (TCGA) data set, there are many inter-
esting nonlinear dependencies between pairs of genes that reveal important
relationships and subtypes of cancer. Such genomic data analysis requires
a rapid, powerful, and interpretable detection process, especially in a high-
dimensional environment. We study the nonlinear patterns among the expres-
sion of pairs of genes from TCGA using a powerful tool called binary expan-
sion testing. We find many nonlinear patterns, some of which are driven by
known cancer subtypes, some of which are novel.
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Motivated by emerging applications in ecology, microbiology, and neu-
roscience, this paper studies high-dimensional regression with two-way struc-
tured data. To estimate the high-dimensional coefficient vector, we pro-
pose the generalized matrix decomposition regression (GMDR) to efficiently
leverage auxiliary information on row and column structures. GMDR extends
the principal component regression (PCR) to two-way structured data, but un-
like PCR, GMDR selects the components that are most predictive of the out-
come, leading to more accurate prediction. For inference on regression coef-
ficients of individual variables, we propose the generalized matrix decompo-
sition inference (GMDI), a general high-dimensional inferential framework
for a large family of estimators that include the proposed GMDR estimator.
GMDI provides more flexibility for incorporating relevant auxiliary row and
column structures. As a result, GMDI does not require the true regression co-
efficients to be sparse but constrains the coordinate system representing the
regression coefficients according to the column structure. GMDI also allows
dependent and heteroscedastic observations. We study the theoretical proper-
ties of GMDI in terms of both the type-I error rate and power and demonstrate
the effectiveness of GMDR and GMDI in simulation studies and an applica-
tion to human microbiome data.
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The limited representation of minorities and disadvantaged populations
in large-scale clinical and genomics research poses a significant barrier to
translating precision medicine research into practice. Prediction models are
likely to underperform in underrepresented populations due to heterogene-
ity across populations, thereby exacerbating known health disparities. To ad-
dress this issue, we propose FETA, a two-way data integration method that
leverages a federated transfer learning approach to integrate heterogeneous
data from diverse populations and multiple healthcare institutions, with a fo-
cus on a target population of interest having limited sample sizes. We show
that FETA achieves performance comparable to the pooled analysis, where
individual-level data is shared across institutions, with only a small number of
communications across participating sites. Our theoretical analysis and sim-
ulation study demonstrate how FETA’s estimation accuracy is influenced by
communication budgets, privacy restrictions, and heterogeneity across popu-
lations. We apply FETA to multisite data from the electronic Medical Records
and Genomics (eMERGE) Network to construct genetic risk prediction mod-
els for extreme obesity. Compared to models trained using target data only,
source data only, and all data without accounting for population-level differ-
ences, FETA shows superior predictive performance. FETA has the potential
to improve estimation and prediction accuracy in underrepresented popula-
tions and reduce the gap in model performance across populations.
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In clinical practice medications are often interchanged in treatment pro-
tocols when a patient negatively reacts to their first line of therapy. Although
switching between medications is common, clinicians often lack structured
guidance when choosing the initial dose and frequency of a new medica-
tion, given the former with respect to risk of adverse events. In this paper we
propose to establish this dose toxo-equivalence relationship using published
clinical trial results with one or both drugs of interest via a Bayesian meta-
analysis model that accounts for both within- and between-study variances.
With the posterior parameter samples from this model, we compute median
and 95% credible intervals for equivalent dose pairs of the two drugs that
are predicted to produce equal rates of an adverse outcome, relying solely
on study-level information. Via extensive simulations, we show that this ap-
proach approximates well the true dose toxo-equivalence relationship, con-
sidering different study designs, levels of between-study variance, and the
inclusion/exclusion of nonconfounder/nonmodifier subject-level covariates in
addition to study-level covariates. We compare the performance of this study-
level meta-analysis estimate to the equivalent individual patient data meta-
analysis model and find comparable bias and minimal efficiency loss in the
study-level coefficients used in the dose toxo-equivalence relationship. Fi-
nally, we present the findings of our dose toxo-equivalence model applied to
two chemotherapy drugs, based on data from 169 published clinical trials.
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Volumetric imaging features are used in cancer research to determine
the size and the composition of a tumor and have been shown to be prog-
nostic of overall survival. In this paper we focus on the analysis of tumor
component proportions of brain cancer patients collected through The Can-
cer Genome Atlas (TCGA) project. Our main goal is to identify pathways and
corresponding genes that can explain the heterogeneity of the composition of
a brain tumor. In particular, we focus on the glioblastoma multiform (GBM),
as it is the most common malignant brain neoplasm, accounting for 23% of all
primary brain tumors for which it still has very poor prognosis. We propose
a Bayesian hierarchical model for variable selection with a group structure in
the context of correlated multivariate compositional response variables. More
specifically, we model the proportions of the tumor components within the tu-
mor using a Dirichlet model by allowing for straightforward incorporation of
available high-dimensional covariate information within a log-linear regres-
sion framework. We impose prior distributions that account for the overlap-
ping structure between groups of covariates. Simulations and application to
GBM disease show the importance of our approach. We have identified asso-
ciations between tumor component volume-based features and several impor-
tant pathways and genes. Some of these genes have previously been shown to
be prognostic indicators of overall survival time in GBM.
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Numerous adverse effects (e.g., depression) have been reported for com-
bination antiretroviral therapy (cART) despite its remarkable success in vi-
ral suppression in people with HIV (PWH). To improve long-term health
outcomes for PWH, there is an urgent need to design personalized optimal
cART with the lowest risk of comorbidity in the emerging field of preci-
sion medicine for HIV. Large-scale HIV studies offer researchers unprece-
dented opportunities to optimize personalized cART in a data-driven manner.
However, the large number of possible drug combinations for cART makes
the estimation of cART effects a high-dimensional combinatorial problem,
imposing challenges in both statistical inference and decision-making. We
develop a two-step Bayesian decision framework for optimizing sequential
cART assignments. In the first step, we propose a dynamic model for individ-
uals’ longitudinal observations using a multivariate Gaussian process. In the
second step, we build a probabilistic generative model for cART assignments
and design an uncertainty-penalized policy optimization using the uncertainty
quantification from the first step. Applying the proposed method to a dataset
from the Women’s Interagency HIV Study, we demonstrate its clinical util-
ity in assisting physicians to make effective treatment decisions, serving the
purpose of both viral suppression and comorbidity risk reduction.
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Low-cost air pollution sensors, offering hyperlocal characterization of
pollutant concentrations, are becoming increasingly prevalent in environ-
mental and public health research. However, low-cost air pollution data
can be noisy, biased by environmental conditions, and usually need to be
field-calibrated by collocating low-cost sensors with reference-grade instru-
ments. We show, theoretically and empirically, that the common procedure
of regression-based calibration, using collocated data, systematically under-
estimates high air pollution concentrations, which are critical to diagnose
from a health perspective. Current calibration practices also often fail to uti-
lize the spatial correlation in pollutant concentrations. We propose a novel
spatial filtering approach to collocation-based calibration of low-cost net-
works that mitigates the underestimation issue by using an inverse regres-
sion. The inverse regression also allows for incorporating spatial correlations
by a second-stage model for the true pollutant concentrations using a con-
ditional Gaussian process. Our approach works with one or more collocated
sites in the network and is dynamic, leveraging spatial correlation with the
latest available reference data. Through extensive simulations, we demon-
strate how the spatial filtering substantially improves estimation of pollutant
concentrations and measures peak concentrations with greater accuracy. We
apply the methodology for calibration of a low-cost PM2.5 network in Bal-
timore, Maryland, and diagnose air pollution peaks that are missed by the
regression-calibration.
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Chimney fires constitute one of the most commonly occurring fire types.
Precise prediction and prompt prevention are crucial in reducing the harm
they cause. In this paper we develop a combined machine learning and statis-
tical modelling process to predict fire risk. First, we use random forests and
permutation importance techniques to identify the most informative explana-
tory variables. Second, we design a Poisson point process model and employ
logistic regression estimation to estimate the parameters. Moreover, we val-
idate the Poisson model assumption using second-order summary statistics
and residuals. We implement the modelling process on data collected by the
Twente Fire Brigade and obtain plausible predictions. Compared to similar
studies, our approach has two advantages: (i) with random forests, we can
select explanatory variables nonparametrically considering variable depen-
dence; (ii) using logistic regression estimation, we can fit our statistical model
efficiently by tuning it to focus on regions and times that are salient for fire
risk.
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We consider the challenges that arise when fitting ecological individ-
ual heterogeneity models to “large” data sets. In particular, we focus on
(continuous-valued) random effect models commonly used to describe in-
dividual heterogeneity present in ecological populations within the context
of capture–recapture data, although the approach is more widely applicable
to more general latent variable models. Within such models the associated
likelihood is expressible only as an analytically intractable integral. Com-
mon techniques for fitting such models to data include, for example, the use
of numerical approximations for the integral or a Bayesian data augmentation
approach. However, as the size of the data set increases (i.e., the number of in-
dividuals increases), these computational tools may become computationally
infeasible. We present an efficient Bayesian model-fitting approach, whereby
we initially sample from the posterior distribution of a smaller subsample of
the data, before correcting this sample to obtain estimates of the posterior dis-
tribution of the full data set using an importance sampling approach. We con-
sider several practical issues, including the subsampling mechanism, com-
putational efficiencies (including the ability to parallelise the algorithm) and
combining subsampling estimates using multiple subsampled data sets. We
initially demonstrate the feasibility (and accuracy) of the approach via sim-
ulated data before considering a challenging real data set of approximately
30,000 guillemots and, using the proposed algorithm, obtain posterior esti-
mates of the model parameters in substantially reduced computational time,
compared to the standard Bayesian model-fitting approach.
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Land use/land cover mapping is usually performed by classifying satel-
lite imagery (e.g., Landsat, Sentinel) for the whole survey region using classi-
fication algorithms implemented with training data. Subsequently, probabilis-
tic samples are usually implemented with the main purpose of assessing the
accuracy of these maps by comparing the map class and the ground condition
determined for the sampled units. The main proposal of this paper is to di-
rectly exploit these probabilistic samples to estimate the land use/land cover
class at any location of the survey region in a design-based framework by
the well-known nearest-neighbour interpolator. For the first time, the design-
based consistency of nearest-neighbour maps (i.e., categorical variables) is
theoretically proven and a pseudo-population bootstrap estimator of their pre-
cision is proposed and discussed. These nearest-neighbour maps provide the
ability to place mapping within a rigorous design-based inference framework,
in contrast to most traditional mapping approaches which often are imple-
mented with no inferential basis or by necessity (due to lack of a probabilistic
sample) model-based inference. A simulation study is performed on an esti-
mated land use map in Southern Tuscany (Italy)—taken as the true map—to
check the finite-sample performance of the proposal as well as the matching
of the area coverage estimates arising from the map with those achieved by
traditional estimators. The Italian land use map arising from the IUTI surveys
and the U.S. land cover map arising from the LCMAP program are consid-
ered as case studies.
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IDENTIFYING BOUNDARIES IN SPATIALLY CONTINUOUS RISK
SURFACES FROM SPATIALLY AGGREGATED DISEASE COUNT DATA
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Spatially aggregated disease-count data relating to a set of nonoverlap-
ping areal units are often used to make inference on population-level disease
risk. This includes the identification of risk boundaries, which are locations
where there is a sizeable change in risk between geographically neighbouring
areal units. Existing studies provide spatially discrete inference on the areal
unit footprint, which forces the boundaries to coincide with the entire geo-
graphical border between neighbouring units. This paper is the first to relax
these assumptions by estimating disease risk and the locations of risk bound-
aries on a grid of square pixels covering the study region that can be made
arbitrarily small to approximate a spatially continuous surface. We propose
a two-stage approach that first fits a Bayesian spatiotemporal realignment
model to estimate disease risk at the grid level and then identifies bound-
aries in this surface using edge detection algorithms from computer vision.
This novel methodological fusion is motivated by a new study of respiratory
hospitalisation risk in Glasgow, Scotland, between 2008 and 2017, and we
identify numerous risk boundaries across the city.
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STOCHASTIC DECLUSTERING OF EARTHQUAKES WITH THE
SPATIOTEMPORAL RENEWAL ETAS MODEL

BY TOM STINDLa AND FENG CHENb

Department of Statistics, UNSW Sydney, at.stindl@unsw.edu.au, bfeng.chen@unsw.edu.au

Modeling and forecasting earthquakes is challenging due to the complex
interplay and clustering of main-shocks and aftershocks. The epidemic-type
aftershock sequence (ETAS) model represents the conditional intensity of
earthquakes as the superposition of a background and aftershock rate which
allows for the declustering of the earthquakes. Its success has led to the devel-
opment of numerous versions of the ETAS model. Among these extensions
is the renewal ETAS (RETAS) model, which has shown promising potential.
The RETAS model endows the main-shock arrival process with a renewal
process, which serves as an alternative to the homogeneous Poisson process.
Model fitting is performed using likelihood-based estimation by directly opti-
mizing the exact likelihood. However, inferring the branching structure from
the fitted RETAS model remains a challenging task since the declustering
algorithm that is currently available for the ETAS model is not directly ap-
plicable. Therefore, this article develops an iterative algorithm to calculate
the smoothed main- and aftershock probabilities, conditional on all available
information contained in the catalog. Consequently, an estimate of the back-
ground spatial intensity function and model parameters can be obtained us-
ing an iterative semiparametric procedure with the smoothing parameters se-
lected using information criteria. The methods proposed herein are illustrated
on simulated data and a New Zealand earthquake catalog.
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OPTIMAL SAMPLING DESIGNS FOR MULTIDIMENSIONAL STREAMING
TIME SERIES WITH APPLICATION TO POWER GRID SENSOR DATA
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2Department of Statistics, University of Georgia, bbsy9142@uga.edu, cpingma@uga.edu

The Internet of Things (IoT) system generates massive high-speed tem-
porally correlated streaming data and is often connected with online inference
tasks under computational or energy constraints. Online analysis of these
streaming time series data often faces a trade-off between statistical efficiency
and computational cost. One important approach to balance this trade-off is
sampling, where only a small portion of the sample is selected for the model
fitting and update. Motivated by the demands of dynamic relationship analy-
sis of IoT system, we study the data-dependent sample selection and online
inference problem for a multidimensional streaming time series, aiming to
provide low-cost real-time analysis of high-speed power grid electricity con-
sumption data. Inspired by D-optimality criterion in design of experiments,
we propose a class of online data reduction methods that achieve an opti-
mal sampling criterion and improve the computational efficiency of the on-
line analysis. We show that the optimal solution amounts to a strategy that
is a mixture of Bernoulli sampling and leverage score sampling. The lever-
age score sampling involves auxiliary estimations that have a computational
advantage over recursive least squares updates. Theoretical properties of the
auxiliary estimations involved are also discussed. When applied to European
power grid consumption data, the proposed leverage score based sampling
methods outperform the benchmark sampling method in online estimation
and prediction. The general applicability of the sampling-assisted online es-
timation method is assessed via simulation studies.
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Physical activity (PA) is significantly associated with many health out-
comes. The wide usage of wearable accelerometer-based activity trackers in
recent years has provided a unique opportunity for in-depth research on PA
and its relations with health outcomes and interventions. Past analysis of ac-
tivity tracker data relies heavily on aggregating minute-level PA records into
day-level summary statistics in which important information of PA tempo-
ral/diurnal patterns is lost. In this paper we propose a novel functional data
analysis approach based on Riemann manifolds for modeling PA and its lon-
gitudinal changes. We model smoothed minute-level PA of a day as one-
dimensional Riemann manifolds and longitudinal changes in PA in different
visits as deformations between manifolds. The variability in changes of PA
among a cohort of subjects is characterized via variability in the deforma-
tion. Functional principal component analysis is further adopted to model the
deformations, and PC scores are used as a proxy in modeling the relation be-
tween changes in PA and health outcomes and/or interventions. We conduct
comprehensive analyses on data from two clinical trials: Reach for Health
(RfH) and Metabolism, Exercise and Nutrition at UCSD (MENU), focusing
on the effect of interventions on longitudinal changes in PA patterns and how
different modes of changes in PA influence weight loss, respectively. The pro-
posed approach reveals unique modes of changes, including overall enhanced
PA, boosted morning PA, and shifts of active hours specific to each study co-
hort. The results bring new insights into the study of longitudinal changes in
PA and health and have the potential to facilitate designing of effective health
interventions and guidelines.
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A key task in the emerging field of materials informatics is to use ma-
chine learning to predict a material’s properties and functions. A fast and
accurate predictive model allows researchers to more efficiently identify or
construct a material with desirable properties. As in many fields, deep learn-
ing is one of the state-of-the art approaches, but fully training a deep learn-
ing model is not always feasible in materials informatics due to limitations
on data availability, computational resources, and time. Accordingly, there
is a critical need in the application of deep learning to materials informat-
ics problems to develop efficient transfer learning algorithms. The Bayesian
framework is natural for transfer learning because the model trained from
the source data can be encoded in the prior distribution for the target task of
interest. However, the Bayesian perspective on transfer learning is relatively
unaccounted for in the literature and is complicated for deep learning because
the parameter space is large and the interpretations of individual parameters
are unclear. Therefore, rather than subjective prior distributions for individual
parameters, we propose a new Bayesian transfer learning approach based on
the penalized complexity prior on the Kullback–Leibler divergence between
the predictive models of the source and target tasks. We show via simulations
that the proposed method outperforms other transfer learning methods across
a variety of settings. The proposed method is applied to predict the proper-
ties of a molecular crystal, based on its structural properties, and we show
improved precision for estimating the band gap of a material compared to
state-of-the-art methods currently used in materials science.
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Recent evidence highlights the usefulness of DNA methylation (DNAm)
biomarkers as surrogates for exposure to risk factors for noncommunicable
diseases in epidemiological studies and randomized trials. DNAm variability
has been demonstrated to be tightly related to lifestyle behavior and expo-
sure to environmental risk factors, ultimately providing an unbiased proxy of
an individual state of health. At present, the creation of DNAm surrogates
relies on univariate penalized regression models, with elastic-net regularizer
being the gold standard when accomplishing the task. Nonetheless, more ad-
vanced modeling procedures are required in the presence of multivariate out-
comes with a structured dependence pattern among the study samples. In this
work we propose a general framework for mixed-effects multitask learning
in presence of high-dimensional predictors to develop a multivariate DNAm
biomarker from a multicenter study. A penalized estimation scheme, based
on an expectation-maximization algorithm, is devised in which any penalty
criteria for fixed-effects models can be conveniently incorporated in the fit-
ting process. We apply the proposed methodology to create novel DNAm
surrogate biomarkers for multiple correlated risk factors for cardiovascular
diseases and comorbidities. We show that the proposed approach, modeling
multiple outcomes together, outperforms state-of-the-art alternatives both in
predictive power and biomolecular interpretation of the results.
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A DYNAMIC ADDITIVE AND MULTIPLICATIVE EFFECTS NETWORK
MODEL WITH APPLICATION TO THE UNITED NATIONS VOTING

BEHAVIORS

BY BOMIN KIM1,a, XIAOYUE NIU2,b, DAVID HUNTER2,c AND XUN CAO3,d

1Economic and Housing Research, Freddie Mac, abomin8319@gmail.com
2Department of Statistics, Pennsylvania State University, bxiaoyue@psu.edu, cdhunter@stat.psu.edu

3Department of Political Science, Pennsylvania State University, dxuc11@psu.edu

Motivated by a study of United Nations voting behaviors, we introduce
a regression model for a series of networks that are correlated over time.
Our model is a dynamic extension of the additive and multiplicative effects
network model (AMEN) of Hoff (Statist. Sci. 36 (2021) 34–50). In addition
to incorporating a temporal structure, the model accommodates two types
of missing data and thus allows the size of the network to vary over time.
We demonstrate via simulations the necessity of various components of the
model. We apply the model to the United Nations General Assembly vot-
ing data from 1983 to 2014 (In Routledge Handbook of International Orga-
nization (2013) Routledge) to answer interesting research questions regard-
ing international voting behaviors. In addition to finding important factors
that could explain the voting behaviors, the model-estimated additive effects,
multiplicative effects, and their movements reveal meaningful foreign policy
positions and alliances of various countries.

REFERENCES

BAILEY, M. A., STREZHNEV, A. and VOETEN, E. (2017). Estimating dynamic state preferences from United
Nations voting data. J. Confl. Resolut. 61 430–456.

DURANTE, D. and DUNSON, D. B. (2014). Nonparametric Bayes dynamic modelling of relational data.
Biometrika 101 883–898.

FRIEL, N., RASTELLI, R., WYSE, J. and RAFTERY, A. E. (2016). Interlocking directorates in Irish companies
using a latent space model for bipartite networks. Proc. Natl. Acad. Sci. USA 113 6629–6634.

GARTZKE, E. (1998). Kant we all just get along? Opportunity, willingness, and the origins of the democratic
peace. Amer. J. Polit. Sci. 42 1–27.

GARTZKE, E. (2000). Preferences and the democratic peace. International Studies Quarterly 44 191–212.
GELMAN, A. (2006). Prior distributions for variance parameters in hierarchical models (comment on article by

Browne and Draper). Bayesian Anal. 1 515–533.
GIBLER, D. M. (2008). International Military Alliances, 1648–2008. CQ Press.
GOODREAU, S. M., KITTS, J. A. and MORRIS, M. (2009). Birds of a feather, or friend of a friend? Using

exponential random graph models to investigate adolescent social networks. Demography 46 103–125.
HANNEKE, S., FU, W. and XING, E. P. (2010). Discrete temporal models of social networks. Electron. J. Stat. 4

585–605.
HOFF, P. (2021). Additive and multiplicative effects network models. Statist. Sci. 36 34–50.
HOFF, P. D. (2005). Bilinear mixed-effects models for dyadic data. J. Amer. Statist. Assoc. 100 286–295.
HOFF, P. D., RAFTERY, A. E. and HANDCOCK, M. S. (2002). Latent space approaches to social network analy-

sis. J. Amer. Statist. Assoc. 97 1090–1098.
HUNTER, D. R., GOODREAU, S. M. and HANDCOCK, M. S. (2008). Goodness of fit of social network models.

J. Amer. Statist. Assoc. 103 248–258.
KIM, B., LEE, K. H., XUE, L. and NIU, X. (2018). A review of dynamic network models with latent variables.

Stat. Surv. 12 105–135.
KIM, B., NIU, X., HUNTER, D. and CAO, X. (2023). Supplement to “A dynamic additive and multiplica-

tive effects network model with application to the United Nations voting behaviors.” https://doi.org/10.1214/
23-AOAS1762SUPPA, https://doi.org/10.1214/23-AOAS1762SUPPB

Key words and phrases. Latent space model, varying number of nodes, international policy.

https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1762
http://www.imstat.org
mailto:bomin8319@gmail.com
mailto:xiaoyue@psu.edu
mailto:dhunter@stat.psu.edu
mailto:xuc11@psu.edu
https://doi.org/10.1214/23-AOAS1762SUPPA
https://doi.org/10.1214/23-AOAS1762SUPPB
https://doi.org/10.1214/23-AOAS1762SUPPA


KRIVITSKY, P. N. and HANDCOCK, M. S. (2014). A separable model for dynamic networks. J. R. Stat. Soc. Ser.
B. Stat. Methodol. 76 29–46.

LEIBENSTEIN, H. (1966). Shaping the world economy: Suggestions for an international economic policy.
LUSHER, D., KOSKINEN, J. and ROBINS, G. (2013). Exponential Random Graph Models for Social Networks:

Theory, Methods, and Applications. Cambridge University Press, Cambridge.
MARSHALL, M. G., JAGGERS, K. and GURR, T. R. (2014). Polity IV annual time-series, 1800–2013. Center for

International Development and Conflict Management at the University of Maryland College Park.
OLIVELLA, S., PRATT, T. and IMAI, K. (2022). Dynamic stochastic blockmodel regression for network data:

Application to international militarized conflicts. J. Amer. Statist. Assoc. 117 1068–1081.
RASMUSSEN, C. E. (2003). Gaussian processes in machine learning. In Summer School on Machine Learning

63–71. Springer, Berlin.
RODRIGUE, J.-P., COMTOIS, C. and SLACK, B. (2016). The Geography of Transport Systems. Routledge, Lon-

don.
SEWELL, D. K. and CHEN, Y. (2015). Latent space models for dynamic networks. J. Amer. Statist. Assoc. 110

1646–1657.
SIGNORINO, C. S. and RITTER, J. M. (1999). Tau-b or not tau-b: Measuring the similarity of foreign policy

positions. International Studies Quarterly 43 115–144.
SNIJDERS, T. A., VAN DE BUNT, G. G. and STEGLICH, C. E. (2010). Introduction to stochastic actor-based

models for network dynamics. Soc. Netw. 32 44–60.
SNIJDERS, T. A. B. (2001). The statistical evaluation of social network dynamics. Sociol. Method. 31 361–395.
VOETEN, E. (2013). Data and analyses of voting in the UN general assembly. In Routledge Handbook of Inter-

national Organization (B. Reinalda, ed.). Routledge, London. Available at http://ssrn.com/abstract=2111149.
WARD, M. D. and HOFF, P. D. (2007). Persistent patterns of international commerce. J. Peace Res. 44 157–175.
ZELLNER, A. (1986). On assessing prior distributions and Bayesian regression analysis with g-prior distributions.

In Bayesian Inference and Decision Techniques (P. K. Goel and A. Zellner, eds.). Stud. Bayesian Econometrics
Statist. 6 233–243. North-Holland, Amsterdam.

http://ssrn.com/abstract=2111149


The Annals of Applied Statistics
2023, Vol. 17, No. 4, 3300–3323
https://doi.org/10.1214/23-AOAS1763
© Institute of Mathematical Statistics, 2023

SEQUENTIAL MONTE CARLO FOR SAMPLING BALANCED AND
COMPACT REDISTRICTING PLANS

BY CORY MCCARTANa AND KOSUKE IMAIb

Department of Statistics, Harvard University, acmccartan@g.harvard.edu, bimai@harvard.edu

Random sampling of graph partitions under constraints has become a
popular tool for evaluating legislative redistricting plans. Analysts detect par-
tisan gerrymandering by comparing a proposed redistricting plan with an
ensemble of sampled alternative plans. For successful application sampling
methods must scale to maps with a moderate or large number of districts,
incorporate realistic legal constraints, and accurately and efficiently sam-
ple from a selected target distribution. Unfortunately, most existing meth-
ods struggle in at least one of these areas. We present a new sequential Monte
Carlo (SMC) algorithm that generates a sample of redistricting plans converg-
ing to a realistic target distribution. Because it draws many plans in parallel,
the SMC algorithm can efficiently explore the relevant space of redistrict-
ing plans better than the existing Markov chain Monte Carlo (MCMC) al-
gorithms that generate plans sequentially. Our algorithm can simultaneously
incorporate several constraints commonly imposed in real-world redistricting
problems, including equal population, compactness, and preservation of ad-
ministrative boundaries. We validate the accuracy of the proposed algorithm
by using a small map where all redistricting plans can be enumerated. We
then apply the SMC algorithm to evaluate the partisan implications of several
maps submitted by relevant parties in a recent high-profile redistricting case
in the State of Pennsylvania. We find that the proposed algorithm converges
faster and with fewer samples than a comparable MCMC algorithm. Open-
source software is available for implementing the proposed methodology.
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The real-world performance of vaccines against COVID-19 infections is
critically important to counter the pandemics. We propose a varying coeffi-
cient stochastic epidemic model to estimate the vaccine protection rates based
on the publicly available epidemiological and vaccination data. To tackle the
challenges posed by the unobserved state variables, we develop a multistep
decentralized estimation procedure that uses different data segments to esti-
mate different parameters. A B-spline structure is used to approximate the
underlying infection rates and to facilitate model simulation in obtaining an
objective function between the imputed and the simulation-based estimates
of the latent state variables, leading to simulation-based estimation of the
diagnosis rate using data in the prevaccine period and the vaccine effect pa-
rameters using data in the postvaccine periods. The time-varying infection,
recovery and death rates are estimated by kernel regressions. We apply the
proposed method to analyze the data in ten countries which collectively used
eight vaccines. The analysis reveals that the average protection rate of the full
vaccination was at least 22% higher than that of the partial vaccination and
was largely above the WHO recognized level of 50% before November 20,
2021, including the Delta variant dominated period. The protection rates for
the booster vaccine in the Omicron period were also provided.
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ESTIMATING COVID-19 TRANSMISSION TIME USING HAWKES POINT
PROCESSES

BY FREDERIC SCHOENBERGa

Department of Statistics, University of California, Los Angeles, afrederic@stat.ucla.edu

The question addressed here is whether, using Hawkes models. the dis-
tribution of SARS-CoV-2 (Covid-19) transmission times can be estimated
accurately with only case-count data. We fit Hawkes models with varying
productivities to each of the 50 United States individually, estimating for each
state a transmission time density, both nonparametrically and using a normal
approximation. We find that, for nearly all states, the estimated transmission
times are centered near seven days with a standard deviation of approximately
one day. Compared to previous reports, the results here suggest that trans-
mission times for SARS-CoV-2 are somewhat shorter, on average, and the
distribution is less diffuse, though the results also suggest the possibility of
transmission occurring on the first day of exposure.
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The characterisation of future extreme wave events is crucial because
of their multiple impacts, covering a broad range of topics such as coastal
flood hazard, coastal erosion, reliability of offshore and coastal structures.
The main goal of this paper is to propose and study a stochastic simulator that,
given offshore conditions (peak direction Dp , peak period Tp and moderately
high significant wave heights Hs ), produces jointly offshore and coastal ex-
treme Hs , a quantity measuring the wave severity and which represent a key
feature in coastal risk analysis. For this purpose we rely on bivariate Peaks
over Threshold, and a nonparametric simulation scheme of bivariate GPD is
developed. From this joint simulator, a second generator is derived, allowing
for conditional simulations of extreme Hs . Finally, to take into account non-
stationarities, the extended generalised Pareto model is also adapted, letting
the parameters vary with specific sea-state parameters Tp and Dp . The per-
formances of the two proposed generators are illustrated on simulated data
and then applied to the simulation of new extreme oceanographic conditions
close to the French Brittany coast using hindcast sea-state data. Results show
that the proposed algorithms successfully simulate future extreme Hs near the
coast in a nonparametric way, jointly or conditionally on sea-state parameters
from a coarser model.
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Individualized treatment rules (ITRs) for treatment recommendation is
an important topic for precision medicine as not all beneficial treatments work
well for all individuals. Interpretability is a desirable property of ITRs, as it
helps practitioners make sense of treatment decisions, yet there is a need for
ITRs to be flexible to effectively model complex biomedical data for treat-
ment decision making. Many ITR approaches either focus on linear ITRs,
which may perform poorly when true optimal ITRs are nonlinear, or black-
box nonlinear ITRs, which may be hard to interpret and can be overly com-
plex. This dilemma indicates a tension between interpretability and accuracy
of treatment decisions. Here we propose an additive model-based nonlinear
ITR learning method that balances interpretability and flexibility of the ITR.
Our approach aims to strike this balance by allowing both linear and nonlinear
terms of the covariates in the final ITR. Our approach is parsimonious in that
the nonlinear term is included in the final ITR only when it substantially im-
proves the ITR performance. To prevent overfitting, we combine crossfitting
and a specialized information criterion for model selection. Through exten-
sive simulations we show that our methods are data-adaptive to the degree
of nonlinearity and can favorably balance ITR interpretability and flexibil-
ity. We further demonstrate the robust performance of our methods with an
application to a cancer drug sensitive study.
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Multimodel ensemble analysis integrates information from multiple cli-
mate models into a unified projection. However, existing integration ap-
proaches, based on model averaging, can dilute fine-scale spatial information
and incur bias from rescaling low-resolution climate models. We propose
a statistical approach, called NN-GPR, using Gaussian process regression
(GPR) with an infinitely wide deep neural network based covariance function.
NN-GPR requires no assumptions about the relationships between climate
models, no interpolation to a common grid, and automatically downscales as
part of its prediction algorithm. Model experiments show that NN-GPR can
be highly skillful at surface temperature and precipitation forecasting by pre-
serving geospatial signals at multiple scales and capturing interannual vari-
ability. Our projections particularly show improved accuracy and uncertainty
quantification skill in regions of high variability, which allows us to cheaply
assess tail behavior at a 0.44◦/50 km spatial resolution without a regional
climate model (RCM). Evaluations on reanalysis data and SSP2-4.5 forced
climate models show that NN-GPR produces similar, overall climatologies to
the model ensemble while better capturing fine-scale spatial patterns. Finally,
we compare NN-GPR’s regional predictions against two RCMs and show that
NN-GPR can rival the performance of RCMs using only global model data
as input.
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Categorizing individual cells into one of many known cell-type cate-
gories, also known as cell-type annotation, is a critical step in the analy-
sis of single-cell genomics data. The current process of annotation is time
intensive and subjective, which has led to different studies describing cell
types with labels of varying degrees of resolution. While supervised learn-
ing approaches have provided automated solutions to annotation, there re-
mains a significant challenge in fitting a unified model for multiple datasets
with inconsistent labels. In this article we propose a new multinomial lo-
gistic regression estimator which can be used to model cell-type probabil-
ities by integrating multiple datasets with labels of varying resolution. To
compute our estimator, we solve a nonconvex optimization problem using
a blockwise proximal gradient descent algorithm. We show through simu-
lation studies that our approach estimates cell-type probabilities more accu-
rately than competitors in a wide variety of scenarios. We apply our method
to 10 single-cell RNA-seq datasets and demonstrate its utility in predicting
fine resolution cell-type labels on unlabeled data as well as refining cell-
type labels on data with existing coarse resolution annotations. Finally, we
demonstrate that our method can lead to novel scientific insights in the con-
text of a differential expression analysis comparing peripheral blood gene
expression before and after treatment with interferon-β. An R package im-
plementing the method is available in the Supplementary Material and at
https://github.com/keshav-motwani/IBMR, and the collection of datasets we
analyze is available at https://github.com/keshav-motwani/AnnotatedPBMC.
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Differential coexpression analysis has been widely applied by scientists
in understanding the biological mechanisms of diseases. However, the un-
known differential patterns are often complicated; thus, models based on
simplified parametric assumptions can be ineffective in identifying the dif-
ferences. Meanwhile, the gene expression data involved in such analysis are
in extremely high dimensions by nature, whose correlation matrices may
not even be computable. Such a large scale seriously limits the applica-
tion of most well-studied statistical methods. This paper introduces a simple
yet powerful approach to the differential correlation analysis problem called
compressed spectral screening. By leveraging spectral structures and random
sampling techniques, our approach could achieve a highly accurate screen-
ing of features with complicated differential patterns while maintaining the
scalability to analyze correlation matrices of 104–105 variables within a few
minutes on a standard personal computer. We have applied this screening
approach in comparing a TCGA data set about Glioblastoma with normal
subjects. Our analysis successfully identifies multiple functional modules of
genes that exhibit different coexpression patterns. The findings reveal new
insights about Glioblastoma’s evolving mechanism. The validity of our ap-
proach is also justified by a theoretical analysis, showing that the compressed
spectral analysis can achieve variable screening consistency.
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Determining the adsorption isotherms is an issue of significant impor-
tance in preparative chromatography. A modern technique for estimating ad-
sorption isotherms is to solve an inverse problem so that the simulated batch
separation coincides with actual experimental results. However, due to the
ill-posedness, the high nonlinearity, and the uncertainty quantification of the
corresponding physical model, the existing deterministic inversion methods
are usually inefficient in real-world applications. To overcome these difficul-
ties and study the uncertainties of the adsorption-isotherm parameters, in this
work, based on the Bayesian sampling framework, we propose a statistical
approach for estimating the adsorption isotherms in various chromatography
systems. Two modified Markov chain Monte Carlo algorithms are developed
for a numerical realization of our statistical approach. Numerical experiments
with both synthetic and real data are conducted and described to show the ef-
ficiency of the proposed new method.
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Reliable estimates of sea-level return-levels are crucial for coastal flood-
ing risk assessments and for coastal flood defence design. We describe a novel
method for estimating extreme sea-levels that is the first to capture season-
ality, interannual variations and longer term changes. We use a joint proba-
bilities method, with skew-surge and peak-tide as two sea-level components.
The tidal regime is predictable, but skew-surges are stochastic. We present
a statistical model for skew-surges, where the main body of the distribution
is modelled empirically while a nonstationary generalised Pareto distribution
(GPD) is used for the upper tail. We capture within-year seasonality by in-
troducing a daily covariate to the GPD model and allowing the distribution
of peak-tide to change over months and years. Skew-surge-peak-tide depen-
dence is accounted for, via a tidal covariate, in the GPD model, and we adjust
for skew-surge temporal dependence through the subasymptotic extremal in-
dex. We incorporate spatial prior information in our GPD model to reduce
the uncertainty associated with the highest return-level estimates. Our results
are an improvement on current return-level estimates, with previous methods
typically underestimating. We illustrate our method at four U.K. tide gauges.
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A large literature on judicial decision making asks if judges with differ-
ent features of an attribute (e.g, sex, race) adjudicate cases differently. Re-
searchers estimate models for case outcomes, interpreting coefficients asso-
ciated with attributes as effects. But attributes are not treatments. While these
coefficients indicate how judges with different features adjudicate the dif-
ferent cases they are assigned, ideally, different judges should be compared
on a common set of cases. We construct a general methodology for making
such comparisons, using it to study whether monetary relief in discrimination
cases brought by the Equal Employment Opportunity Commission differs by
judges’ race. For all federal judges (treatments) eligible to hear a case (unit),
we define potential outcomes, using unit treatment effects between judges
with different features to define a unit feature comparison (UFC), then us-
ing these to define new population estimands: the average (AFC) and quan-
tile (QFC) feature comparisons. We estimate these quantities by combining
observed case outcomes with missing potential outcomes imputed from the
posterior predictive distribution of a two-part Bayesian hierarchical model.
A case initially assigned to a non-white or African American judge is more
likely to result in monetary relief than were that case initially assigned to an
eligible white or non-African American judge. For the amount of relief, the
95% posterior interval for the AFC covers 0, while the upper endpoint of the
95% posterior interval for the median QFC is negative.
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The Scientific Registry of Transplant Recipients (SRTR) system has be-
come a rich resource for understanding the complex mechanisms of graft
failure after kidney transplant, a crucial step for allocating organs effectively
and implementing appropriate care. As transplant centers that treated patients
might strongly confound graft failures, Cox models stratified by centers can
eliminate their confounding effects. Also, since recipient age is a proven non-
modifiable risk factor, a common practice is to fit models separately by recip-
ient age groups. The moderate sample sizes, relative to the number of covari-
ates, in some age groups may lead to biased maximum stratified partial like-
lihood estimates and unreliable confidence intervals, even when samples still
outnumber covariates. To draw reliable inference on a comprehensive list of
risk factors measured from both donors and recipients in SRTR, we propose a
debiased lasso approach via quadratic programming for fitting stratified Cox
models. We establish asymptotic properties and verify via simulations that
our method produces consistent estimates and confidence intervals with nom-
inal coverage probabilities. Accounting for nearly 100 confounders in SRTR,
the debiased method detects that the graft failure hazard nonlinearly increases
with donor’s age among all recipient age groups and that organs from older
donors more adversely impact the younger recipients. Our method also de-
lineates the associations between graft failure and many risk factors such as
recipients’ primary diagnoses (e.g., polycystic disease, glomerular disease,
and diabetes) and donor-recipient mismatches for human leukocyte antigen
loci across recipient age groups. These results may inform the refinement of
donor-recipient matching criteria for stakeholders.
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There is great interest in ecology to understand how wild animals are
affected by anthropogenic disturbances, such as sounds. For example, be-
havioural response studies are an important approach to quantify the im-
pact of naval activity on marine mammals. Controlled exposure experiments
are undertaken where the behaviour of animals is quantified before, during,
and after exposure to a controlled sound source, often using telemetry tags
(e.g., accelerometers or satellite trackers). Statistical modelling is required to
formally compare patterns before and after exposure, to quantify deviations
from baseline behaviour. We propose varying-coefficient stochastic differen-
tial equations (SDEs) as a flexible framework to model such data with two
components: (1) time-varying baseline dynamics, modelled with nonpara-
metric or random effects of time-varying covariates, and (2) a nonparametric
response model, which captures deviations from baseline. SDEs are specified
in continuous time, which makes it straightforward to analyse data collected
at irregular time intervals, a common situation for animal tracking studies.
We describe how the model can be embedded into a state-space modelling
framework to account for measurement error. We present inferential methods
for model fitting, model checking, and uncertainty quantification (including
on the response model). We apply this approach to two behavioural response
study data sets on beaked whales: a satellite track and high-resolution depth
data. Our results suggest that the whales’ horizontal movement and verti-
cal diving behaviour changed after exposure to the sound source, and fu-
ture work should evaluate the severity and possible consequences of these
responses. These two very different examples showcase the versatility of
varying-coefficient SDEs to measure changes in behaviour, and we discuss
implications of disturbances for the whales’ energetic balance.
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