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

THE ANNALS
of
APPLIED

STATISTICS

AN OFFICIAL JOURNAL OF THE
INSTITUTE OF MATHEMATICAL STATISTICS

Articles

RZiMM-scRNA: A regularized zero-inflated mixture model framework for single-cell RNA-seq data
XINLEI M1, WILLIAM BEKERMAN, ANIL K. RUSTGI, PETER A. SIMS,

PETER D. CANOLL AND JIANHUA HU 1
Sensitivity analysis of wind energy resources with Bayesian non-Gaussian and nonstationary functional
ANOVA...... JIACHEN ZHANG, PAOLA CRIPPA, MARC G. GENTON AND STEFANO CASTRUCCIO 23

On the fair comparison of optimization algorithms in different machines
ETOR ARZA, JOSU CEBERIO, EKHINE IRUROZKI AND ARITZ PEREZ 42
Distributed proportional likelihood ratio model with application to data integration across clinical sites
CHONGLIANG LUO, RUI DUAN, MACKENZIE EDMONDSON, JIASHENG SHI,
MITCHELL MALTENFORT, JEFFREY S. MORRIS, CHRISTOPHER B. FORREST,
REBECCA HUBBARD AND YONG CHEN 63
Bayesian multiple instance classification based on hierarchical probit regression
DANYI XIONG, SEONGOH PARK, JOHAN LIM, TAO WANG AND XINLEI WANG 80
Estimating fiber orientation distribution with application to study brain lateralization using HCP D-MRI data
SEUNGYONG HWANG, THOMAS C. M. LEE, DEBASHIS PAUL AND JIE PENG 100
Using simultaneous regression calibration to study the effect of multiple error-prone exposures on disease
risk utilizing biomarkers developed from a controlled feeding study ... ... YIWEN ZHANG, RAN DAI,
YING HUANG, ROSS PRENTICE AND CHENG ZHENG 125
A quantitative linguistic analysis of a cancer online health community with a smooth latent space model
MENGQUE LIU, XINYAN FAN AND SHUANGGE MA 144
Generative machine learning methods for multivariate ensemble postprocessing
JIEYU CHEN, TIM JANKE, FLORIAN STEINKE AND SEBASTIAN LERCH 159
Applied regression analysis of correlations for correlated data
JIE HU, YU CHEN, CHENLEI LENG AND CHENG YONG TANG 184
A behavioral approach to repeated Bayesian security games
WILLIAM CABALLERO, JAKE COOLEY, DAVID BANKS AND PHILLIP JENKINS 199
Nonnegative tensor completion for dynamic counterfactual prediction on COVID-19 pandemic
YAOMING ZHEN AND JUNHUI WANG 224
Dynamic risk prediction for cervical precancer screening with continuous and binary longitudinal
biomarkers........... SIDDHARTH ROY, ANINDYA ROY, MEGAN A. CLARKE, ANA GRADISSIMO,
ROBERT D. BURK, NICOLAS WENTZENSEN, PAUL S. ALBERT AND DANPING LI1U 246
Bayesian model-based clustering for populations of network data
ANASTASIA MANTZIOU, SIMON LUNAGOMEZ AND ROBIN MITRA 266
Inferring changes to the global carbon cycle with WOMBAT v2.0, a hierarchical flux-inversion framework
MICHAEL BERTOLACCI, ANDREW ZAMMIT-MANGION, ANDREW SCHUH, BEATA BUKOSA,
JENNY A. FISHER, Y1 CAO, ALEYA KAUSHIK AND NOEL CRESSIE 303
ANOPOW for replicated nonstationary time series in experiments
ZEDA LI, YU (RYAN) YUE AND SCOTT A. BRUCE 328
A Bayesian machine learning approach for estimating heterogeneous survivor causal effects: Applications
to a critical care trial . ... .. XINYUAN CHEN, MICHAEL O. HARHAY, GUANGYU TONG AND FANLI 350
Bayesian projections of total fertility rate conditional on the United Nations sustainable development goals
DAPHNE H. L1U AND ADRIAN E. RAFTERY 375
A Bayesian spatio-temporal level set dynamic model and application to fire front propagation
MYUNGSOO YOO AND CHRISTOPHER K. WIKLE 404
Network-level traffic flow prediction: Functional time series vs. functional neural network approach
TAO MA, FANG YAO AND ZHOU ZHOU 424
Selective inference for sparse multitask regression with applications in neuroimaging
SNIGDHA PANIGRAHI, NATASHA STEWART, CHANDRA SRIPADA AND ELIZAVETA LEVINA 445

continued

Vol. 18, No. 1—March 2024



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

THE ANNALS
of
APPLIED
STATISTICS

AN OFFICIAL JOURNAL OF THE
INSTITUTE OF MATHEMATICAL STATISTICS

Articles—Continued from front cover

Latent subgroup identification in image-on-scalar regression. . . .. ZIKAI LIN, YAJUAN SI AND JIAN KANG 468
Retrospective varying coefficient association analysis of longitudinal binary traits: Application to the
identification of genetic loci associated with hypertension ... GANG XU, AMEI AMEI, WEIMIAO WU,
YUNQING LIU, LINCHUAN SHEN, EDWIN C. OH AND ZUOHENG WANG 487
‘What makes forest-based heterogeneous treatment effect estimators work? ............ SUSANNE DANDL,
CHRISTIAN HASLINGER, TORSTEN HOTHORN, HEIDI SEIBOLD, ERIK SVERDRUP,
STEFAN WAGER AND ACHIM ZEILEIS 506
A nonseparable first-order spatiotemporal intensity for events on linear networks: An application to

ambulance interventions . ........... ANDREA GILARDI, RICCARDO BORGONI AND JORGE MATEU 529
Change point detection in dynamic Gaussian graphical models: The impact of COVID-19 pandemic on the
U.S. stock market............ BEATRICE FRANZOLINI, ALEXANDROS BESKOS, MARIA DE IORIO,

WARRICK POKLEWSKI KOZIELL AND KAROLINA GRZESZKIEWICZ 555
A novel estimator of Earth’s curvature (Allowing for inference as well)
DAVID R. BELL, OLIVIER LEDOIT AND MICHAEL WOLF 585
Online monitoring of air quality using PCA-based sequential learning
XIULIN XIE, NICOLE QIAN AND PEIHUA QIU 600
Tensor mixture discriminant analysis with applications to sensor array data analysis
XUESONG Hou, QING MAI AND HUI ZOU 626
Bayesian adaptive and interpretable functional regression for exposure profiles
YUNAN GAO AND DANIEL R. KOWAL 642
Quantifying replicability of multiple studies in a meta-analysis
MENGLI X1A0, HAITAO CHU, JAMES S. HODGES AND LIFENG LIN 664
Modeling the visibility distribution for respondent-driven sampling with application to population size
estimation ................. KATHERINE R. MCLAUGHLIN, LISA G. JOHNSTON, XHEVAT JAKUPI,
DAFINA GEXHA-BUNJAKU, EDONA DEVA AND MARK S. HANDCOCK 683
A partially functional linear regression framework for integrating genetic, imaging, and clinical data
TING LI, YANG YU, J. S. MARRON AND HONGTU ZHU 704
Composite scores for transplant center evaluation: A new individualized empirical null method
NICHOLAS HARTMAN, JOSEPH M. MESSANA, JIAN KANG, ABHUIT S. NAIK,
TEMPIE H. SHEARON AND KEVIN HE 729
A continuous multiple hypothesis testing framework for optimal exoplanet detection
NATHAN C. HARA, THIBAULT DE POYFERRE, JEAN-BAPTISTE DELISLE AND MARC HOFFMANN 749
Density-based matching rule: Optimality, estimation, and application in forensic problems
HANA LEE, YUMOU QIU, ALICIA CARRIQUIRY AND DANICA OMMEN 770
Land-use filtering for nonstationary spatial prediction of collective efficacy in an urban environment
J. BRANDON CARTER, CHRISTOPHER R. BROWNING, BETHANY BOETTNER,
NICOLO PINCHAK AND CATHERINE A. CALDER 794
Testing for the causal mediation effects of multiple mediators using the kernel machine difference method in
genome-wide epigenetic studies . .......... ...l JINCHENG SHEN, JOEL SCHWARTZ,
ANDREA A. BACCARELLI AND XIHONG LIN 819
Weak signal inclusion under dependence and applications in genome-wide association study
X. JESSIE JENG, YIFEI HU, QUAN SUN AND YUN LI 841
A simple and flexible test of sample exchangeability with applications to statistical genomics
ALAN J. AW, JEFFREY P. SPENCE AND YUN S. SONG 858
Learning healthcare delivery network with longitudinal electronic health records data
JIEHUAN SUN, KATHERINE P. LIAO AND TIANXI CAI 882

Correction

Correction to: Spatiotemporal wildfire modeling through point processes with moderate and extreme marks
JONATHAN KOH, FRANCOIS PIMONT, JEAN-LUC DUPUY AND THOMAS OPITZ 899

Vol. 18, No. 1—March 2024




THE ANNALS OF APPLIED STATISTICS Vol. 18, No. 1, pp. 1-903 March 2024



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.

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 Biihlmann, Seminar fiir Statistik, ETH Ziirich, 8092 Ziirich, 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: Paul Bourgade, Courant Institute of Mathematical Sciences, New York Univer-
sity, New York, NY 10012-1185, USA. Julien Dubedat, Department of Mathematics, Columbia University,
New York, NY 10027, USA

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

The Annals of Applied Statistics [ISSN 1932-6157 (print); ISSN 1941-7330 (online)], Volume 18, Number 1,
March 2024. 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 © 2024 by the Institute of Mathematical Statistics
Printed in the United States of America


http://bulletin@imstat.org

The Annals of Applied Statistics

2024, Vol. 18, No. 1, 1-22
https://doi.org/10.1214/23-A0AS 1761

© Institute of Mathematical Statistics, 2024

RZIMM-SCRNA: A REGULARIZED ZERO-INFLATED MIXTURE MODEL
FRAMEWORK FOR SINGLE-CELL RNA-SEQ DATA

BY XINLEI M1, WILLIAM BEKERMAN, ANIL K. RUSTGI, PETER A. SIMS, PETER
D. CANOLL AND JIANHUA HU?

Department of Biostatistics, Columbia University, *jh3992 @ cumc.columbia.edu

Applications of single-cell RNA sequencing in various biomedical re-
search areas have been blooming. This new technology provides unprece-
dented opportunities to study disease heterogeneity at the cellular level. How-
ever, unique characteristics of scRNA-seq data, including large dimension-
ality, high dropout rates, and possibly batch effects, bring great difficulty
into the analysis of such data. Not appropriately addressing these issues
obstructs true scientific discovery. Herein we propose a unified Regular-
ized Zero-inflated Mixture Model framework, designed for scRNA-seq data
(RZiMM-scRNA), to simultaneously detect cell subgroups and identify gene
differential expression based on a developed importance score, accounting
for both dropouts and batch effects. We conduct extensive simulation stud-
ies in which we evaluate the performance of RZiIMM-scRNA and compare it
with several popular methods, including Seurat, SC3, K-means, and hierar-
chical clustering. Simulation results show that RZiMM-scRNA demonstrates
superior clustering performance and enhanced biomarker detection accuracy,
compared to alternative methods, especially when cell subgroups are less dis-
tinct, verifying the robustness of our method.

Our empirical investigations focus on two brain tumor studies dealing with
astrocytoma of various grades, including the most malignant of all brain tu-
mors, glioblastoma multiforme (GBM). Our goal is to delineate cell hetero-
geneity and identify driving biomarkers associated with these tumors. No-
tably, RZiMM-scNRA successfully identifies a small group of oligodendro-
cyte cells, which has drawn much attention in biomedical literature on brain
cancers. In addition, our method discovers several new biomarkers which are
not discussed in the original studies, including PLP1, BCAN, and PTPRZ1—
all associated with the development and malignant growth of glioma—as well
as CAMK2B, which is downregulated in glioma and GBM and implicated in
neurodevelopment, brain function, learning and memory processes.
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The transition from nonrenewable to renewable energies represents a
global societal challenge, and developing a sustainable energy portfolio is
an especially daunting task for developing countries where little to no infor-
mation is available regarding the abundance of renewable resources such as
wind. Weather model simulations are key to obtain such information when
observational data are scarce and sparse over a country as large and geo-
graphically diverse as Saudi Arabia. However, output from such models is
uncertain, as it depends on inputs such as the parametrization of the physical
processes and the spatial resolution of the simulated domain. In such situ-
ations a sensitivity analysis must be performed, and the input may have a
spatially heterogeneous influence of wind. In this work we propose a latent
Gaussian functional analysis of variance (ANOVA) model that relies on a
nonstationary Gaussian Markov random field approximation of a continuous
latent process. The proposed approach is able to capture the local sensitivity
of Gaussian and non-Gaussian wind characteristics such as speed and thresh-
old exceedances over a large simulation domain, and a continuous underlying
process also allows us to assess the effect of different spatial resolutions. Our
results indicate that: (1) the nonlocal planetary boundary layer scheme and
high spatial resolution are both instrumental in capturing wind speed and en-
ergy (especially over complex mountainous terrain), and (2) the impact of
planetary boundary layer scheme and resolution on Saudi Arabia’s planned
wind farms is small (at most 1.4%). Thus, our results lend support for the
construction of these wind farms in the next decade.
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An experimental comparison of two or more optimization algorithms re-
quires the same computational resources to be assigned to each algorithm.
When a maximum runtime is set as the stopping criterion, all algorithms need
to be executed in the same machine if they are to use the same resources.
Unfortunately, the implementation code of the algorithms is not always avail-
able, which means that running the algorithms to be compared in the same
machine is not always possible. And even if they are available, some opti-
mization algorithms might be costly to run, such as training large neural-
networks in the cloud.

In this paper we consider the following problem: how do we compare the
performance of a new optimization algorithm B with a known algorithm A
in the literature if we only have the results (the objective values) and the run-
time in each instance of algorithm A? Particularly, we present a methodology
that enables a statistical analysis of the performance of algorithms executed
in different machines. The proposed methodology has two parts. First, we
propose a model that, given the runtime of an algorithm in a machine, es-
timates the runtime of the same algorithm in another machine. This model
can be adjusted so that the probability of estimating a runtime longer than
what it should be is arbitrarily low. Second, we introduce an adaptation of the
one-sided sign test that uses a modified p-value and takes into account that
probability. Such adaptation avoids increasing the probability of type I error
associated with executing algorithms A and B in different machines.
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Real-world evidence synthesis through integration of data from dis-
tributed research networks has gained increasing attention in recent years.
Due to privacy concerns and restrictions of sharing patient-level data, dis-
tributed algorithms that do not require sharing patient level information are
in great need for facilitating multisite collaborations. On the other hand, data
collected at multiple sites often come from diverse populations, and there ex-
ists a substantial amount of heterogeneity across sites in patient characteris-
tics. Most of the existing distributed algorithms have ignored such between-
site heterogeneity. In this paper we aim to fill this methodological gap by
proposing a general distributed algorithm. We develop our distributed algo-
rithm based on a general semiparametric model, namely, the proportional
likelihood ratio model (Biometrika 99 (2012) 211-222), which is a semi-
parametric extension of generalized linear model. We devise the proportional
likelihood ratio model with site-specific baseline function, to account for
between-site heterogeneity, and shared regression parameters to borrow in-
formation across sites. Under this flexible formulation, our distributed algo-
rithm is designed to be privacy-preserving and communication-efficient (i.e.,
only one round of communication across sites is needed). We validate our
method via simulation studies and demonstrate the utility of our method via
a multisite study of pediatric avoidable hospitalization based on electronic
health record data from a total of 354,672 patients across 26 different clinical
sites within the Children’s Hospital of Philadelphia health system.
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In multiple instance learning (MIL), the response variable is predicted
by features (or covariates) of one or more instances, which are collectively
denoted as a bag. Learning the relationship between bags and instances is
challenging because of the unknown and possibly complicated data gener-
ating mechanism regarding how instances contribute to the bag label. MIL
has been applied to solve a variety of real-world problems, which have been
mostly focused on supervised tasks, such as molecule activity prediction, pro-
tein binding affinities prediction, object detection, and computer-aided diag-
nosis. However, to date, the majority of the off-the-shelf MIL methods are
developed in the computer science domain, and they focus on improving the
prediction performance while spending little effort on explainability of the
algorithm. In this article a Bayesian multiple instance learning model, based
on probit regression (MICProB), is proposed, which contributes a signifi-
cant portion to the suite of statistical methodologies for MIL. MICProB is
composed of two nested probit regression models, where the inner model
is estimated for predicting primary instances, which are considered as the
“important” ones that determine the bag label, and the outer model is for pre-
dicting bag-level responses based on the primary instances estimated by the
inner model. The posterior distribution of MICProB can be conveniently ap-
proximated using a Gibbs sampler, and the prediction for new bags can be
performed in a fully integrated Bayesian way. We evaluate the performance
of MICProB against 15 benchmark methods and demonstrate its competi-
tiveness in simulation and real-data examples. In addition to its capability
of identifying primary instances, as compared to existing optimization-based
approaches, MICProB also enjoys great advantages in providing a transpar-
ent model structure, straightforward statistical inference of quantities related
to model parameters, and favorable interpretability of covariate effects on the
bag-level response.
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Diffusion-weighted magnetic resonance imaging (D-MRI) is an in vivo
and noninvasive imaging technology for characterizing tissue microstructure
in biological samples. A major application of D-MRI is for white matter fiber
tract reconstruction in brains. It begins by estimating the water molecule
movements (serving as proxies for fiber directions) in the brain voxels and
then combines the results to form fiber tracts. The voxel-level fiber direc-
tion information can be modeled by a fiber orientation distribution (FOD)
function, and in this paper, we propose a computationally scalable FOD es-
timator, the blockwise James—Stein (BJS) estimator. We then apply BJS to
the D-MRI data from the Human Connectome Project (HCP) to study brain
lateralization, an important topic in neuroscience. Specifically, we focus on
the association between lateralization of the superior longitudinal fasciculus
(SLF)—a major association tract and handedness. For each subject from the
HCP data, we extract voxel-level directional information by BJS and then re-
construct the SLF in each brain hemisphere through a tractography algorithm.
Finally, we derive a lateralization score that quantifies hemispheric asymme-
try of the reconstructed SLF. We then relate this lateralization score to gender
and handedness through an ANOVA model, where significant handedness ef-
fects are found. The results indicate that the SLF lateralization is likely to
be different in right-handed and left-handed individuals. Codes and example
scripts for both synthetic experiments and HCP data application can be found
at https://github.com/vic-dragon/BJS.
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Systematic measurement error in self-reported data creates important
challenges in association studies between dietary intakes and chronic dis-
ease risks, especially when multiple dietary components are studied jointly.
The joint regression calibration method has been developed for measure-
ment error correction when objectively measured biomarkers are available
for all dietary components of interest. Unfortunately, objectively measured
biomarkers are only available for very few dietary components, which limits
the application of the joint regression calibration method. Recently, for sin-
gle dietary components, controlled feeding studies have been performed to
develop new biomarkers for many more dietary components. However, it is
unclear whether the biomarkers separately developed for single dietary com-
ponents are valid for joint calibration. In this paper we show that biomarkers
developed for single dietary components cannot be used for joint regression
calibration. We propose new methods to utilize controlled feeding studies to
develop valid biomarkers for joint regression calibration to estimate the asso-
ciation between multiple dietary components simultaneously with the disease
of interest. Asymptotic distribution theory for the proposed estimators is de-
rived. Extensive simulations are performed to study the finite sample perfor-
mance of the proposed estimators. We apply our methods to examine the joint
effects of sodium and potassium intakes on cardiovascular disease incidence
using the Women’s Health Initiative cohort data. We identify positive associ-
ations between sodium intake and cardiovascular diseases as well as negative
associations between potassium intake and cardiovascular disease.
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Online health communities (OHCs) provide free, open, and well-
resourced platforms for patients, family members, and others to discuss ill-
nesses, express feelings, and connect with others. Linguistic analysis of OHC
posts can assist in better understanding disease conditions as well as moni-
toring the emotional and mental status of patients and those who are closely
related. Many existing OHC linguistic analyses are limited by focusing on
individual words. There are a handful of cooccurrence network analyses,
which have multiple methodological limitations. In this article we analyze
posts that are publicly available at the LUNGevity Foundation’s Lung Can-
cer Support Community (LCSC). The analyzed data contains 21,028 posts
published between April 2018 and February 2022. For word cooccurrence
network analysis, we develop a two-part latent space model, which advances
from the existing ones by accommodating network weights. Further, we con-
sider the scenario where there are change points in time, networks remain
the same between two change points but differ on the two sides of a change
point, and the number and locations of change points are unknown. A pe-
nalized fusion approach is developed to data-dependently determine change
points and estimate networks. In data analysis multiple change points are
identified, which reflect significant changes in lung cancer patients’ and their
close affiliates’ emotional/mental status and mostly align with the changes
in COVID-19. The obtained network structures and other findings are also
sensible.
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Ensemble weather forecasts based on multiple runs of numerical weather
prediction models typically show systematic errors and require postprocess-
ing to obtain reliable forecasts. Accurately modeling multivariate dependen-
cies is crucial in many practical applications, and various approaches to mul-
tivariate postprocessing have been proposed where ensemble predictions are
first postprocessed separately in each margin and multivariate dependencies
are then restored via copulas. These two-step methods share common key
limitations, in particular, the difficulty to include additional predictors in
modeling the dependencies. We propose a novel multivariate postprocessing
method based on generative machine learning to address these challenges. In
this new class of nonparametric data-driven distributional regression models,
samples from the multivariate forecast distribution are directly obtained as
output of a generative neural network. The generative model is trained by
optimizing a proper scoring rule, which measures the discrepancy between
the generated and observed data, conditional on exogenous input variables.
Our method does not require parametric assumptions on univariate distri-
butions or multivariate dependencies and allows for incorporating arbitrary
predictors. In two case studies on multivariate temperature and wind speed
forecasting at weather stations over Germany, our generative model shows
significant improvements over state-of-the-art methods and particularly im-
proves the representation of spatial dependencies.
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Correlated data are ubiquitous in today’s data-driven society. While re-
gression models for analyzing means and variances of responses of interest
are relatively well developed, the development of these models for analyz-
ing the correlations is largely confined to longitudinal data, a special form of
sequentially correlated data. This paper proposes a new method for the anal-
ysis of correlations to fully exploit the use of covariates for general correlated
data. In a renewed analysis of the classroom data, a highly unbalanced mul-
tilevel clustered data with within-class and within-school correlations, our
method reveals informative insights on these structures not previously known.
In another analysis of the malaria immune response data in Benin, a longitu-
dinal study with time-dependent covariates where the exact times of the ob-
servations are not available, our approach again provides promising new re-
sults. At the heart of our approach is a new generalized z-transformation that
converts correlation matrices, constrained to be positive definite, to vectors
with unrestricted support and is order-invariant. These two properties enable
us to develop regression analysis incorporating covariates for the modelling
of correlations via the use of maximum likelihood.
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The prevalence of security threats to organizational defense demands
models that support real-world policymaking. Security games are a potent
tool in this regard; however, although canonical models effectively allocate
limited resources, they generally do not consider adaptive, boundedly ra-
tional adversaries. Empirical findings suggest this characterization describes
real-world human behavior, so the development of decision-support frame-
works against such adversaries is a critical need. We examine a family of poli-
cies applicable to repeated games in which a boundedly rational adversary is
modeled using a behavioral-economic theory of learning, that is, experience-
weighted attraction learning. These policies take into account realistic uncer-
tainty about the competition by adopting the perspective of adversarial risk
analysis. Using Bayesian reasoning, these repeated games are decomposed
into multiarm bandit problems. A collection of cost-function approximation
policies are given to solve these problems. The efficacy of our approach is
shown via extensive computational testing on a defense-related case study.
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The COVID-19 pandemic has been a worldwide health crisis for the past
three years, casting unprecedented challenges for policymakers in different
countries and regions. While one country or region can only implement one
social mobility restriction policy at a given time, it is of great interest for
policy makers to decide whether to elevate or deelevate the restriction policy
from time to time. This article proposes a novel nonnegative tensor comple-
tion method to predict the potential counterfactual outcomes of multifaceted
social mobility restriction policies over time. The proposed method builds
upon a low-rank tensor decomposition of the pandemic data, which also ex-
plicitly characterizes the ordinal nature of the mobility restriction strength
and the smooth trend of the pandemic evolution over time. Its application
to the COVID-19 pandemic data reveals some interesting facts regarding the
impact of social mobility restriction policy on the spread of the virus. The
effectiveness of the proposed method is also supported by its asymptotic es-
timation consistency and extensive numerical experiments on the synthetic
datasets.
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Dynamic risk prediction that incorporates longitudinal measurements of
biomarkers is useful in identifying high-risk patients for better clinical man-
agement. Our work is motivated by the prediction of cervical precancers.
Currently, Pap cytology is used to identify HPV-positive (HPV-+) women at
high-risk of cervical precancer, but cytology lacks accuracy and reproducibil-
ity. Molecular markers, like HPV DNA methylation, that are closely linked
to the carcinogenic process show promise of improved risk stratification. We
are interested in developing a dynamic risk model that uses all longitudinal
biomarker information to improve precancer risk estimation. We propose a
joint model to link both the continuous methylation biomarker and a binary
cytology biomarker to the time to precancer outcome using shared random
effects. The model uses a discretization of the time scale to allow for closed-
form likelihood expressions, thereby avoiding potential high dimensional in-
tegration of the random effects. The method handles an interval-censored
time-to-event outcome, due to intermittent clinical visits, incorporates sam-
pling weights to deal with stratified sampling data and can provide immediate
and five-year risk estimates that may inform clinical decision-making. Apply-
ing the method to longitudinally measured HPV methylation data improves
risk stratification for triage of HPV+ women.
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There is increasing appetite for analysing populations of network data
due to the fast-growing body of applications demanding such methods. While
methods exist to provide readily interpretable summaries of heterogeneous
network populations, these are often descriptive or ad hoc, lacking any for-
mal justification. In contrast, principled analysis methods often provide re-
sults difficult to relate back to the applied problem of interest. Motivated by
two complementary applied examples, we develop a Bayesian framework to
appropriately model complex heterogeneous network populations, while also
allowing analysts to gain insights from the data and make inferences most
relevant to their needs. The first application involves a study in computer
science measuring human movements across a university. The second anal-
yses data from neuroscience investigating relationships between different re-
gions of the brain. While both applications entail analysis of a heterogeneous
population of networks, network sizes vary considerably. We focus on the
problem of clustering the elements of a network population, where each clus-
ter is characterised by a network representative. We take advantage of the
Bayesian machinery to simultaneously infer the cluster membership, the rep-
resentatives, and the community structure of the representatives, thus allow-
ing intuitive inferences to be made. The implementation of our method on the
human movement study reveals interesting movement patterns of individuals
in clusters, readily characterised by their network representative. For the brain
networks application, our model reveals a cluster of individuals with different
network properties of particular interest in neuroscience. The performance of
our method is additionally validated in extensive simulation studies.
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The natural cycles of the surface-to-atmosphere fluxes of carbon dioxide
(CO») and other important greenhouse gases are changing in response to hu-
man influences. These changes need to be quantified to understand climate
change and its impacts, but this is difficult to do because natural fluxes occur
over large spatial and temporal scales and cannot be directly observed. Flux
inversion is a technique that estimates the spatiotemporal distribution of a
gas’ fluxes using observations of the gas’ mole fraction and a chemical trans-
port model. To infer trends in fluxes and identify phase shifts and amplitude
changes in flux seasonal cycles, we construct a flux-inversion system that uses
a novel spatially-varying time-series decomposition of the fluxes. We incor-
porate this decomposition into the Wollongong Methodology for Bayesian
Assimilation of Trace-gases (WOMBAT, Zammit-Mangion et al., Geosci.
Model Dev., 15, 2022), a Bayesian hierarchical flux-inversion framework that
yields posterior distributions for all unknowns in the underlying model. We
also extend WOMBAT to accommodate physical constraints on the fluxes
and to take direct in situ and flask measurements of trace-gas mole fractions
as observations. We apply the new method, which we call WOMBAT v2.0, to
a mix of satellite observations of CO, mole fraction from the Orbiting Car-
bon Observatory-2 (OCO-2) satellite and direct measurements of CO, mole
fraction from a variety of sources. We estimate the changes in the natural cy-
cles of CO;, fluxes that occurred from January 2015 to December 2020, and
compare our posterior estimates to those from an alternative method based on
a bottom-up understanding of the physical processes involved. We find sub-
stantial trends in the fluxes, including that tropical ecosystems trended from
being a net source to a net sink of CO, over the study period. We also find
that the amplitude of the global seasonal cycle of ecosystem CO, fluxes in-
creased over the study period by 0.11 PgC/month (an increase of 8%) and
that the seasonal cycle of ecosystem CO, fluxes in the northern temperate
and northern boreal regions shifted earlier in the year by 0.4-0.7 and 0.4—
0.9 days, respectively (2.5th to 97.5th posterior percentiles), consistent with
expectations for the carbon cycle under a warming climate.
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We propose a novel analysis of power (ANOPOW) model for analyzing
replicated nonstationary time series commonly encountered in experimental
studies. Based on a locally stationary ANOPOW Cramér spectral represen-
tation, the proposed model can be used to compare the second-order time-
varying frequency patterns among different groups of time series and to es-
timate group effects as functions of both time and frequency. Formulated in
a Bayesian framework, independent two-dimensional second-order random
walk (RW2D) priors are assumed on each of the time-varying functional ef-
fects for flexible and adaptive smoothing. A piecewise stationary approxima-
tion of the nonstationary time series is used to obtain localized estimates of
time-varying spectra. Posterior distributions of the time-varying functional
group effects are then obtained via integrated nested Laplace approximations
(INLA) at a low computational cost. The large-sample distribution of local
periodograms can be appropriately utilized to improve estimation accuracy
since INLA allows modeling of data with various types of distributions. The
usefulness of the proposed model is illustrated through two real-data applica-
tions: analyses of seismic signals and pupil diameter time series in children
with attention deficit hyperactivity disorder. Simulation studies, Supplemen-
tary Material (Li, Yue and Bruce (2024a)), and R code (Li, Yue and Bruce
(2024b)) for this article are also available.
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Assessing heterogeneity in the effects of treatments has become increas-
ingly popular in the field of causal inference and carries important implica-
tions for clinical decision-making. While extensive literature exists for study-
ing treatment effect heterogeneity when outcomes are fully observed, there
has been limited development in tools for estimating heterogeneous causal ef-
fects when patient-centered outcomes are truncated by a terminal event, such
as death. Due to mortality occurring during study follow-up, the outcomes of
interest are unobservable, undefined, or not fully observed for many partici-
pants in which case principal stratification is an appealing framework to draw
valid causal conclusions. Motivated by the Acute Respiratory Distress Syn-
drome Network (ARDSNetwork) ARDS respiratory management (ARMA)
trial, we developed a flexible Bayesian machine learning approach to esti-
mate the average causal effect and heterogeneous causal effects among the
always-survivors stratum when clinical outcomes are subject to truncation.
We adopted Bayesian additive regression trees (BART) to flexibly specify
separate mean models for the potential outcomes and latent stratum member-
ship. In the analysis of the ARMA trial, we found that the low tidal volume
treatment had an overall benefit for participants sustaining acute lung injuries
on the outcome of time to returning home but substantial heterogeneity in
treatment effects among the always-survivors, driven most strongly by bio-
logic sex and the alveolar-arterial oxygen gradient at baseline (a physiologic
measure of lung function and degree of hypoxemia). These findings illustrate
how the proposed methodology could guide the prognostic enrichment of fu-
ture trials in the field.
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Women'’s educational attainment and contraceptive prevalence are two
mechanisms identified as having an accelerating effect on fertility decline
and that can be directly impacted by policy. Quantifying the potential accel-
erating effect of education and family planning policies on fertility decline
in a probabilistic way is of interest to policymakers, particularly in high-
fertility countries. We propose a conditional Bayesian hierarchical model for
projecting fertility, given education and family planning policy interventions.
To illustrate the effect policy changes could have on future fertility, we cre-
ate probabilistic projections of fertility that condition on scenarios such as
achieving the sustainable development goals (SDGs) for universal secondary
education and universal access to family planning by 2030.
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A BAYESIAN SPATIO-TEMPORAL LEVEL SET DYNAMIC MODEL AND
APPLICATION TO FIRE FRONT PROPAGATION
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Intense wildfires impact nature, humans, and society, causing catas-
trophic damage to property and the ecosystem as well as the loss of life.
Forecasting wildfire front propagation and understanding the behavior of
wildfire propagation within a formal uncertainty quantification framework
are essential in order to support fire fighting efforts and plan evacuations.
The level set method has been widely used to analyze the change in surfaces,
shapes, and boundaries. In particular, a signed distance function used in level
set methods can readily be interpreted to represent complicated boundaries
and their changes in time. While there is substantial literature on the level
set method in wildfire applications, these implementations have relied on a
heavily-parameterized formula for the rate of spread. These implementations
have not typically considered uncertainty quantification, incorporated data-
driven learning, nor summarized the effect of the environmental covariates.
Here we present a Bayesian spatio-temporal dynamic model, based on level
sets, which can be utilized for inference and forecasting the boundary of inter-
est in the presence of uncertain data and lack of knowledge about the bound-
ary velocity. The methodology relies on both a mechanistically-motivated dy-
namic model for level sets and a stochastic spatio-temporal dynamic model
for the front velocity. We show the effectiveness of our method via simulation
and with forecasting the fire front boundary evolution of two classic Califor-
nia megafires—the 2017-2018 Thomas fire and the 2017 Haypress fire.
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Traffic state prediction is an essential component and an underlying
backbone of intelligent transportation systems, especially in the context of
smart city framework. Its significance is mainly twofold in modern trans-
portation systems: supporting advanced traffic operations and management
for highways and urban road networks to mitigate traffic congestion and en-
abling individual drivers with connected vehicles in the traffic system to dy-
namically optimize their routes to improve travel time. Traffic state predic-
tion with interval-based pointwise methods at 15-minute or hourly intervals is
common in traffic literature. However, because traffic dynamics are a continu-
ous process over time, the discrete-time pointwise methods for traffic predic-
tion at a fixed time interval hardly meet the advanced demands of continuous
prediction in modern transportation systems. To close the gap, we propose
functional approaches to intraday and day-by-day continuous-time prediction
for traffic volume. This research focuses on network-level traffic flow predic-
tions concurrently for all locations of interest. Two functional approaches are
introduced, namely, the network-integrated functional time-series model and
the functional neural network model. With functional approaches a 24-hour
intraday traffic profile is modeled as a functional curve over time, and se-
quences of historical traffic curves are used to predict traffic curves for near
future days in a row and multiple locations of interest. We also include the
functional varying coefficient model, Sparse VAR and traditional AR models
in the comparative study; empirical results show that the network-integrated
functional time-series model outperforms other approaches in terms of the
accuracy of predictions at network-scale.
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Multitask learning is frequently used to model a set of related response
variables from the same set of features, improving predictive performance
and modeling accuracy relative to methods that handle each response vari-
able separately. Despite the potential of multitask learning to yield more
powerful inference than single-task alternatives, prior work in this area has
largely omitted uncertainty quantification. Our focus in this paper is a com-
mon multitask problem in neuroimaging, where the goal is to understand the
relationship between multiple cognitive task scores (or other subject-level as-
sessments) and brain connectome data collected from imaging. We propose
a framework for selective inference to address this problem, with the flexi-
bility to: (i) jointly identify the relevant predictors for each task through a
sparsity-inducing penalty and (ii) conduct valid inference in a model based
on the estimated sparsity structure. Our framework offers a new conditional
procedure for inference, based on a refinement of the selection event that
yields a tractable selection-adjusted likelihood. This gives an approximate
system of estimating equations for maximum likelihood inference, solvable
via a single convex optimization problem, and enables us to efficiently form
confidence intervals with approximately the correct coverage. Applied to both
simulated data and data from the Adolescent Brain Cognitive Development
(ABCD) study, our selective inference methods yield tighter confidence inter-
vals than commonly used alternatives, such as data splitting. We also demon-
strate through simulations that multitask learning with selective inference can
more accurately recover true signals than single-task methods.

REFERENCES

ADELL, E., MENG, Y., LI, G., LIN, W. and SHEN, D. (2019). Multi-task prediction of infant cognitive scores
from longitudinal incomplete neuroimaging data. Neurolmage 185 783-792.

ANDERSON, E. D. and BARBEY, A. K. (2023). Investigating cognitive neuroscience theories of hu-
man intelligence: A connectome-based predictive modeling approach. Hum. Brain Mapp. 44 1647-1665.
https://doi.org/10.1002/hbm.26164

ANDREASEN, N. C., NOPOULOS, P., O’LEARY, D. S., MILLER, D. D., WASSINK, T. and FLAUM, M. (1999).
Defining the phenotype of schizophrenia: Cognitive dysmetria and its neural mechanisms. Biol. Psychiatry 46
908-920.

ANDREWS-HANNA, J. R., SMALLWOOD, J. and SPRENG, R. N. (2014). The default network and self-generated
thought: Component processes, dynamic control, and clinical relevance. Ann. N.Y. Acad. Sci. 1316 29-52.
https://doi.org/10.1111/nyas.12360

BASTIAN, A. J. (2006). Learning to predict the future: The cerebellum adapts feedforward movement control.
Curr. Opin. Neurobiol. 16 645-649. https://doi.org/10.1016/j.conb.2006.08.016

B1, J., XIONG, T., YU, S., DUNDAR, M. and RAO, R. B. (2021). An improved multi-task learning approach
with applications in medical diagnosis. In Joint European Conference on Machine Learning and Knowledge
Discovery in Databases 117-132.

BINDER, J. R. and DESAI, R. H. (2011). The neurobiology of semantic memory. Trends Cogn. Sci. 15 527-536.

Key words and phrases. Multitask learning, multilevel lasso, joint sparsity, postselection inference, selective
inference, neuroimaging, fMRI data.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1796
http://www.imstat.org
mailto:psnigdha@umich.edu
mailto:nstew@umich.edu
mailto:elevina@umich.edu
mailto:sripada@umich.edu
https://doi.org/10.1002/hbm.26164
https://doi.org/10.1111/nyas.12360
https://doi.org/10.1016/j.conb.2006.08.016

BINDER, J. R., DESAI R. H., GRAVES, W. W. and CONANT, L. L. (2009). Where is the semantic system? A
critical review and meta-analysis of 120 functional neuroimaging studies. Cereb. Cortex 19 2767-2796.

BLAIR, C. (2006). How similar are fluid cognition and general intelligence? A developmental neuroscience per-
spective on fluid cognition as an aspect of human cognitive ability. Behav. Brain Sci. 29 109-125.

CARROLL, J. B. et al. (1993). Human Cognitive Abilities: A Survey of Factor-Analytic Studies 1. Cambridge Univ.
Press, Cambridge.

CATTELL, R. B. (1943). The measurement of adult intelligence. Psychol. Bull. 40 153.

CHEN, J., TAM, A., KEBETS, V., ORBAN, C., O01, L. Q. R., ASPLUND, C. L., MAREK, S., DOSENBACH, N.
U. F., EICKHOFF, S. B., BZDOK, D. et al. (2022). Shared and unique brain network features predict cognitive,
personality, and mental health scores in the ABCD study. Nat. Commun. 13 2217.

CHEN, Y., SPAGNA, A., WU, T., Kim, T. H., WU, Q., CHEN, C., WU, Y. and FAN, J. (2019). Testing a cognitive
control model of human intelligence. Sci. Rep. 9 1-17.

COLE, M. W., REYNOLDS, J. R., POWER, J. D., REPOVS, G., ANTICEVIC, A. and BRAVER, T. S.
(2013). Multi-task connectivity reveals flexible hubs for adaptive task control. Nat. Neurosci. 16 1348—1355.
https://doi.org/10.1038/nn.3470

COLE, M. W. and SCHNEIDER, W. (2007). The cognitive control network: Integrated cortical regions with dis-
sociable functions. Neurolmage 37 343-360. https://doi.org/10.1016/j.neuroimage.2007.03.071

CORDES, D. and NANDY, R. R. (2006). Estimation of the intrinsic dimensionality of fMRI data. Neurolmage 29
145-154. https://doi.org/10.1016/j.neuroimage.2005.07.054

Cox, D. R. (1975). A note on data-splitting for the evaluation of significance levels. Biometrika 62 441-444.
MRO0378189 https://doi.org/10.1093/biomet/62.2.441

FINN, E. S., SHEN, X., SCHEINOST, D., ROSENBERG, M. D., HUANG, J., CHUN, M. M., PAPADEMETRIS, X.
and CONSTABLE, R. T. (2015). Functional connectome fingerprinting: Identifying individuals using patterns
of brain connectivity. Nat. Neurosci. 18 1664-1671. https://doi.org/10.1038/nn.4135

FITHIAN, W., SUN, D. and TAYLOR, J. (2017). Optimal inference after model selection. Available at
arXiv:1410.2597.

FRAENZ, C., SCHLUTER, C., FRIEDRICH, P., JUNG, R. E., GUNTURKUN, O. and GENC, E. (2021). Interindi-
vidual differences in matrix reasoning are linked to functional connectivity between brain regions nominated
by parieto-frontal integration theory. Intelligence 87 101545.

GIGNAC, G. E. (2014). Dynamic mutualism versus g factor theory: An empirical test. Intelligence 42 89-97.

GORDON, E. M., LAUMANN, T. O., ADEYEMO, B., GILMORE, A. W., NELSON, S. M., DOSENBACH, N.
U. F. and PETERSEN, S. E. (2017). Individual-specific features of brain systems identified with resting state
functional correlations. Neurolmage 146 918-939.

GORDON, E. M., LAUMANN, T. O., ADEYEMO, B., HUCKINS, J. F., KELLEY, W. M. and PETERSEN, S. E.
(2016). Generation and evaluation of a cortical area parcellation from resting-state correlations. Cereb. Cortex
26 288-303. https://doi.org/10.1093/cercor/bhu239

GRAY, J. R., CHABRIS, C. F. and BRAVER, T. S. (2003). Neural mechanisms of general fluid intelligence. Nat.
Neurosci. 6 316-322. https://doi.org/10.1038/nn1014

Guo, J., LEVINA, E., MICHAILIDIS, G. and ZHU, J. (2011). Joint estimation of multiple graphical models.
Biometrika 98 1-15. MR2804206 https://doi.org/10.1093/biomet/asq060

HAGLER JR., D. J., HATTON, S., CORNEJO, M. D., MAKOWSKI, C., FAIR, D. A., DICK, A. S., SUTHER-
LAND, M. T., CASEY, B. J., BARCH, D. M. et al. (2019). Image processing and analysis methods for the
adolescent brain cognitive development study. Neurolmage 202 116091.

HEARNE, L. J., MATTINGLEY, J. B. and CoccHi, L. (2016). Functional brain networks related to individual
differences in human intelligence at rest. Sci. Rep. 6 1-8.

HONG, L., KUFFNER, T. A. and MARTIN, R. (2018). On overfitting and post-selection uncertainty assessments.
Biometrika 105 221-224. MR3768876 https://doi.org/10.1093/biomet/asx083

HoRN, J. L. and NOLL, J. (1997). Human cognitive capabilities: Gf-Ge theory. Guilford, New York.

HULUR, G., WILHELM, O. and ROBITZSCH, A. (2011). Intelligence differentiation in early childhood. J. Individ.
Differ.

HUMPHREYS, L. G. (1979). The construct of general intelligence. Intelligence 3 105-120.

JOLLIFFE, I. T. (2003). Principal component analysis. Technometrics 45 276.

JUAN-ESPINOSA, M., GARCIA Luis, F., CoLOM, R. and ABAD, F. J. (2000). Testing the age related differen-
tiation hypothesis through the Wechsler’s scales. Pers. Individ. Differ. 29 1069-1075.

KARCHER, N. R. and BARCH, D. M. (2021). The ABCD study: Understanding the development of risk
for mental and physical health outcomes. Neuropsychopharmacology 46 131-142. https://doi.org/10.1038/
s41386-020-0736-6

KIVARANOVIC, D. and LEEB, H. (2018). Expected length of post-model-selection confidence intervals condi-
tional on polyhedral constraints. Preprint. Available at arXiv:1803.01665.


https://doi.org/10.1038/nn.3470
https://doi.org/10.1016/j.neuroimage.2007.03.071
https://doi.org/10.1016/j.neuroimage.2005.07.054
https://mathscinet.ams.org/mathscinet-getitem?mr=0378189
https://doi.org/10.1093/biomet/62.2.441
https://doi.org/10.1038/nn.4135
http://arxiv.org/abs/arXiv:1410.2597
https://doi.org/10.1093/cercor/bhu239
https://doi.org/10.1038/nn1014
https://mathscinet.ams.org/mathscinet-getitem?mr=2804206
https://doi.org/10.1093/biomet/asq060
https://mathscinet.ams.org/mathscinet-getitem?mr=3768876
https://doi.org/10.1093/biomet/asx083
https://doi.org/10.1038/s41386-020-0736-6
http://arxiv.org/abs/arXiv:1803.01665
https://doi.org/10.1038/s41386-020-0736-6

LEE, J. D., SuN, D. L., SUN, Y. and TAYLOR, J. E. (2016). Exact post-selection inference, with application to
the lasso. Ann. Statist. 44 907-927. MR3485948 https://doi.org/10.1214/15-A0S1371

Liu, K., MARKOVIC, J. and TIBSHIRANI, R. (2018). More powerful post-selection inference. with application
to the Lasso. Preprint. Available at arXiv:1801.09037.

LozANoO, A. C. and SWIRSZCZ, G. (2012). Multi-level lasso for sparse multi-task regression. In Proceedings of
the 29th International Conference on Machine Learning 595-602.

LUCIANA, M., BJORK, J. M., NAGEL, B. J., BARCH, D. M., GONZALEZ, R., NIXON, S. J. and BANICH, M. T.
(2018). Adolescent neurocognitive development and impacts of substance use: Overview of the adoles-
cent brain cognitive development (ABCD) baseline neurocognition battery. Dev. Cogn. Neurosci. 32 67-79.
https://doi.org/10.1016/j.den.2018.02.006

MAREK, S., TERVO-CLEMMENS, B., CALABRO, F. J. MONTEZ, D. F., KAy, B. P., HATOUM, A. S., DONO-
HUE, M. R., FORAN, W., MILLER, R. L. et al. (2022). Reproducible brain-wide association studies require
thousands of individuals. Nature 603 654—660.

MARKETT, S., REUTER, M., HEEREN, B., LACHMANN, B., WEBER, B. and MONTAG, C. (2018). Working
memory capacity and the functional connectome - insights from resting-state fMRI and voxelwise centrality
mapping. Brain Imaging Behav. 12 238-246. https://doi.org/10.1007/s11682-017-9688-9

NIENDAM, T. A., LAIRD, A. R., RAY, K. L., DEAN, Y. M., GLAHN, D. C. and CARTER, C. S. (2012). Meta-
analytic evidence for a superordinate cognitive control network subserving diverse executive functions. Cogn.
Affect. Behav. Neurosci. 12 241-268.

PANIGRAHI, S. (2018). Carving model-free inference. Preprint. Available at arXiv:1811.03142.

PANIGRAHI, S., MOHAMMED, S., RAO, A. and BALADANDAYUTHAPANI, V. (2023). Integrative Bayesian mod-
els using post-selective inference: A case study in radiogenomics. Biometrics 79 1801-1813. https://doi.org/10.
1111/biom.13740

PANIGRAHI, S., STEWART, N., SRIPADA, C. and LEVINA, E. (2024). Supplement to “Selective inference for
sparse multitask regression with applications in neuroimaging.” https://doi.org/10.1214/23- AOAS1796SUPP

PANIGRAHI, S. and TAYLOR, J. (2018). Scalable methods for Bayesian selective inference. Electron. J. Stat. 12
2355-2400. MR3832095 https://doi.org/10.1214/18-EJS1452

PANIGRAHI, S. and TAYLOR, J. (2022). Approximate selective inference via maximum likelihood. J. Amer.
Statist. Assoc. Forthcoming.

PANIGRAHI, S., TAYLOR, J. and WEINSTEIN, A. (2021). Integrative methods for post-selection inference under
convex constraints. Ann. Statist. 49 2803-2824. MR4338384 https://doi.org/10.1214/21-a0s2057

PANIGRAHI, S., WANG, J. and HE, X. (2022). Treatment Effect Estimation with Efficient Data Aggregation.
Preprint. Available at arXiv:2203.12726.

SCHMAHMANN, J. D. (1996). From movement to thought: Anatomic substrates of the cerebellar contribution to
cognitive processing. Hum. Brain Mapp. 4 174—198.

SCHMAHMANN, J. D. (2019). The cerebellum and cognition. Neurosci. Lett. 688 62-75. https://doi.org/10.1016/
j-neulet.2018.07.005

SIMPSON-KENT, I. L., FUHRMANN, D., BATHELT, J., ACHTERBERG, J., BORGEEST, G. S. and KIEVIT, R. A.
(2020). Neurocognitive reorganization between crystallized intelligence, fluid intelligence and white matter
microstructure in two age-heterogeneous developmental cohorts. Dev. Cogn. Neurosci. 41 100743.

SPEARMAN, C. (1961). “General Intelligence” Objectively Determined and Measured.

SPENCER, R. M. C., IVRY, R. B. and ZELAZNIK, H. N. (2005). Role of the cerebellum in movements: Control
of timing or movement transitions? Exp. Brain Res. 161 383-396. https://doi.org/10.1007/s00221-004-2088-6

SRIPADA, C., ANGSTADT, M., RUTHERFORD, S., KESSLER, D., KIM, Y., YEE, M. and LEVINA, E. (2019).
Basic units of inter-individual variation in resting state connectomes. Sci. Rep. 9 1-12.

SRIPADA, C., ANGSTADT, M., TAXALI, A., CLARK, D. A., GREATHOUSE, T., RUTHERFORD, S., DICKENS, J.
R., SHEDDEN, K., GARD, A. M. et al. (2021). Brain-wide functional connectivity patterns support general
cognitive ability and mediate effects of socioeconomic status in youth. Transl. Psychiatry 11 1-8.

SRIPADA, C., RUTHERFORD, S., ANGSTADT, M., THOMPSON, W. K., LUCIANA, M., WEIGARD, A.,
HYDE, L. H. and HEITZEG, M. (2020). Prediction of neurocognition in youth from resting state fMRI. Mol.
Psychiatry 25 3413-3421. https://doi.org/10.1038/s41380-019-0481-6

SUZUMURA, S., NAKAGAWA, K., UMEZU, Y., TSUDA, K. and TAKEUCHI, 1. (2017). Selective inference for
sparse high-order interaction models. In International Conference on Machine Learning 3338-3347. PMLR.

TADAYON, E., PASCUAL-LEONE, A. and SANTARNECCHI, E. (2020). Differential contribution of cortical
thickness, surface area, and gyrification to fluid and crystallized intelligence. Cereb. Cortex 30 215-225.
https://doi.org/10.1093/cercor/bhz082

TaNi1zAKI, K., HASHIMOTO, N., INATSU, Y., HONTANI, H. and TAKEUCHI, I. (2020). Computing valid p-
values for image segmentation by selective inference. In Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition 9553-9562.


https://mathscinet.ams.org/mathscinet-getitem?mr=3485948
https://doi.org/10.1214/15-AOS1371
http://arxiv.org/abs/arXiv:1801.09037
https://doi.org/10.1016/j.dcn.2018.02.006
https://doi.org/10.1007/s11682-017-9688-9
http://arxiv.org/abs/arXiv:1811.03142
https://doi.org/10.1111/biom.13740
https://doi.org/10.1214/23-AOAS1796SUPP
https://mathscinet.ams.org/mathscinet-getitem?mr=3832095
https://doi.org/10.1214/18-EJS1452
https://mathscinet.ams.org/mathscinet-getitem?mr=4338384
https://doi.org/10.1214/21-aos2057
http://arxiv.org/abs/arXiv:2203.12726
https://doi.org/10.1016/j.neulet.2018.07.005
https://doi.org/10.1007/s00221-004-2088-6
https://doi.org/10.1038/s41380-019-0481-6
https://doi.org/10.1093/cercor/bhz082
https://doi.org/10.1111/biom.13740
https://doi.org/10.1016/j.neulet.2018.07.005

TAYLOR, J. and TIBSHIRANI, R. (2018). Post-selection inference for £1-penalized likelihood models. Canad. J.
Statist. 46 41-61. MR3767165 https://doi.org/10.1002/cjs.11313

TIAN, X., PANIGRAHI, S. MARKOVIC, J., BI, N. and TAYLOR, J. (2016). Selective sampling after solving a
convex problem. Preprint. Available at arXiv:1609.05609.

TIAN, X. and TAYLOR, J. (2018). Selective inference with a randomized response. Ann. Statist. 46 679-710.
MR3782381 https://doi.org/10.1214/17-AOS1564

TONG, X., XIE, H., CARLISLE, N., FONZO, G. A., OATHES, D. J., JIANG, J. and ZHANG, Y. (2022). Transdi-
agnostic connectome signatures from resting-state fMRI predict individual-level intellectual capacity. Transl.
Psychiatry 12 367.

VoLKkow, N. D., KooB, G. F., CROYLE, R. T., BIANCHI, D. W., GORDON, J. A., KOROSHETZ, W. J., PEREZ-
STABLE, E. J., RILEY, W. T., BLOCH, M. H., CONWAY, K. et al. (2018). The conception of the ABCD study:
From substance use to a broad NIH collaboration. Dev. Cogn. Neurosci. 32 4-17.

WANG, J., HE, X. and XU, G. (2020). Debiased inference on treatment effect in a high-dimensional model. J.
Amer. Statist. Assoc. 115 442-454. MR4078474 https://doi.org/10.1080/01621459.2018.1558062

WANG, X., BI, J., YU, S., SUN, J. and SONG, M. (2016). Multiplicative multitask feature learning. J. Mach.
Learn. Res. 17 Paper No. 80, 33. MR3517103

WIRTH, M., JANN, K., DIERKS, T., FEDERSPIEL, A., WIEST, R. and HORN, H. (2011). Semantic memory
involvement in the default mode network: A functional neuroimaging study using independent component
analysis. Neurolmage 54 3057-3066. https://doi.org/10.1016/j.neuroimage.2010.10.039

ZHANG, Y. and YANG, Q. (2021). A survey on multi-task learning. IEEE Trans. Knowl. Data Eng.

ZHAO, Q. and PANIGRAHI, S. (2019). Selective inference for effect modification: An empirical investigation.
Obs. Stud. 5 131-140.

Zou, H. and L1, R. (2008). One-step sparse estimates in nonconcave penalized likelihood models. Ann. Statist.
36 1509-1533. MR2435443 https://doi.org/10.1214/009053607000000802


https://mathscinet.ams.org/mathscinet-getitem?mr=3767165
https://doi.org/10.1002/cjs.11313
http://arxiv.org/abs/arXiv:1609.05609
https://mathscinet.ams.org/mathscinet-getitem?mr=3782381
https://doi.org/10.1214/17-AOS1564
https://mathscinet.ams.org/mathscinet-getitem?mr=4078474
https://doi.org/10.1080/01621459.2018.1558062
https://mathscinet.ams.org/mathscinet-getitem?mr=3517103
https://doi.org/10.1016/j.neuroimage.2010.10.039
https://mathscinet.ams.org/mathscinet-getitem?mr=2435443
https://doi.org/10.1214/009053607000000802

The Annals of Applied Statistics

2024, Vol. 18, No. 1, 468-486
https://doi.org/10.1214/23-A0AS 1797

© Institute of Mathematical Statistics, 2024

LATENT SUBGROUP IDENTIFICATION IN IMAGE-ON-SCALAR
REGRESSION

BY ZIKAI LIN!2 YAJUAN S1%¢ AND JIAN KANG!:P

lDepartment of Biostatistics, University of Michigan, ®zikai @umich.edu, b jiankang @umich.edu

2Survey Research Center, Institute for Social Research, University of Michigan, yajuan@umich.edu

Image-on-scalar regression has been a popular approach to modeling the
association between brain activities and scalar characteristics in neuroimag-
ing research. The associations could be heterogeneous across individuals in
the population, as indicated by recent large-scale neuroimaging studies, for
example, the Adolescent Brain Cognitive Development (ABCD) Study. The
ABCD data can inform our understanding of heterogeneous associations and
how to leverage the heterogeneity and tailor interventions to increase the
number of youths who benefit. It is of great interest to identify subgroups
of individuals from the population such that: (1) within each subgroup the
brain activities have homogeneous associations with the clinical measures;
(2) across subgroups the associations are heterogeneous, and (3) the group
allocation depends on individual characteristics. Existing image-on-scalar re-
gression methods and clustering methods cannot directly achieve this goal.
We propose a latent subgroup image-on-scalar regression model (LASIR)
to analyze large-scale, multisite neuroimaging data with diverse sociode-
mographics. LASIR introduces the latent subgroup for each individual and
group-specific, spatially varying effects, with an efficient stochastic expec-
tation maximization algorithm for inferences. We demonstrate that LASIR
outperforms existing alternatives for subgroup identification of brain activa-
tion patterns with functional magnetic resonance imaging data via compre-
hensive simulations and applications to the ABCD study. We have released
our reproducible codes for public use with the software package available on
Github.
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Many genetic studies contain rich information on longitudinal pheno-
types that require powerful analytical tools for optimal analysis. Genetic anal-
ysis of longitudinal data that incorporates temporal variation is important for
understanding the genetic architecture and biological variation of complex
diseases. Most of the existing methods assume that the contribution of ge-
netic variants is constant over time and fail to capture the dynamic pattern
of disease progression. However, the relative influence of genetic variants on
complex traits fluctuates over time. In this study, we propose a retrospective
varying coefficient mixed model association test, RVMMAT, to detect time-
varying genetic effect on longitudinal binary traits. We model dynamic ge-
netic effect using smoothing splines, estimate model parameters by maximiz-
ing a double penalized quasi-likelihood function, design a joint test using a
Cauchy combination method, and evaluate statistical significance via a retro-
spective approach to achieve robustness to model misspecification. Through
simulations we illustrated that the retrospective varying-coefficient test was
robust to model misspecification under different ascertainment schemes and
gained power over the association methods assuming constant genetic effect.
We applied RVMMAT to a genome-wide association analysis of longitudinal
measure of hypertension in the Multi-Ethnic Study of Atherosclerosis. Path-
way analysis identified two important pathways related to G-protein signaling
and DNA damage. Our results demonstrated that RVMMAT could detect bi-
ologically relevant loci and pathways in a genome scan and provided insight
into the genetic architecture of hypertension.
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Estimation of heterogeneous treatment effects (HTE) is of prime impor-
tance in many disciplines, from personalized medicine to economics among
many others. Random forests have been shown to be a flexible and powerful
approach to HTE estimation in both randomized trials and observational stud-
ies. In particular “causal forests” introduced by Athey, Tibshirani and Wa-
ger (Ann. Statist. 47 (2019) 1148-1178), along with the R implementation in
package grf were rapidly adopted. A related approach, called “model-based
forests” that is geared toward randomized trials and simultaneously captures
effects of both prognostic and predictive variables, was introduced by Sei-
bold, Zeileis and Hothorn (Stat. Methods Med. Res. 27 (2018) 3104-3125)
along with a modular implementation in the R package model4you.

Neither procedure is directly applicable to the estimation of individualized
predictions of excess postpartum blood loss caused by a cesarean section in
comparison to vaginal delivery. Clearly, randomization is hardly possible in
this setup, and thus model-based forests lack clinical trial data to address this
question. On the other hand, the skewed and interval-censored postpartum
blood loss observations violate assumptions made by causal forests. Here we
present a tailored model-based forest for skewed and interval-censored data to
infer possible predictive prepartum characteristics and their impact on excess
postpartum blood loss caused by a cesarean section.

As a methodological basis, we propose a unifying view on causal and
model-based forests that goes beyond the theoretical motivations and inves-
tigates which computational elements make causal forests so successful and
how these can be blended with the strengths of model-based forests. To do
so, we show that both methods can be understood in terms of the same pa-
rameters and model assumptions for an additive model under L, loss. This
theoretical insight allows us to implement several flavors of “model-based
causal forests” and dissect their different elements in silico.

The original causal forests and model-based forests are compared with
the new blended versions in a benchmark study exploring both randomized
trials and observational settings. In the randomized setting, both approaches
performed akin. If confounding was present in the data-generating process,
we found local centering of the treatment indicator with the corresponding
propensities to be the main driver for good performance. Local centering of
the outcome was less important and might be replaced or enhanced by simul-
taneous split selection with respect to both prognostic and predictive effects.
This lays the foundation for future research combining random forests for
HTE estimation with other types of models.

Key words and phrases. Causal forests, heterogeneous treatment effects, observational data, personalized
medicine, postpartum hemorrhage, random forest.
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The algorithms used for the optimal management of an ambulance fleet
require an accurate description of the spatiotemporal evolution of the emer-
gency events. In the last years, several authors have proposed sophisticated
statistical approaches to forecast ambulance dispatches, typically modelling
the data as a point pattern occurring on a planar region. Nevertheless, ambu-
lance interventions can be more appropriately modelled as a realisation of a
point process occurring on a linear network. The constrained spatial domain
raises specific challenges and unique methodological problems that cannot be
ignored when developing a proper statistical approach. Hence, this paper pro-
poses a spatiotemporal model to analyse ambulance dispatches focusing on
the interventions that occurred in the road network of Milan (Italy) from 2015
to 2017. We adopt a nonseparable first-order intensity function with spatial
and temporal terms. The temporal dimension is estimated semiparametrically
using a Poisson regression model, while the spatial dimension is estimated
nonparametrically using a network kernel function. A set of weights is in-
cluded in the spatial term to capture space-time interactions, inducing non-
separability in the intensity function. A series of tests show that our approach
successfully models the ambulance interventions and captures the space-time
patterns more accurately than planar or separable point process models.
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Reliable estimates of volatility and correlation are fundamental in eco-
nomics and finance for understanding the impact of macroeconomics events
on the market and guiding future investments and policies. Dependence
across financial returns is likely to be subject to sudden structural changes,
especially in correspondence with major global events, such as the COVID-
19 pandemic. In this work we are interested in capturing abrupt changes over
time in the conditional dependence across U.S. industry stock portfolios, over
a time horizon that covers the COVID-19 pandemic. The selected stocks give
a comprehensive picture of the U.S. stock market. To this end, we develop
a Bayesian multivariate stochastic volatility model based on a time-varying
sequence of graphs capturing the evolution of the dependence structure. The
model builds on the Gaussian graphical models and the random change points
literature. In particular, we treat the number, the position of change points,
and the graphs as object of posterior inference, allowing for sparsity in graph
recovery and change point detection. The high dimension of the parameter
space poses complex computational challenges. However, the model admits
a hidden Markov model formulation. This leads to the development of an ef-
ficient computational strategy, based on a combination of sequential Monte-
Carlo and Markov chain Monte-Carlo techniques. Model and computational
development are widely applicable, beyond the scope of the application of
interest in this work.
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A NOVEL ESTIMATOR OF EARTH’S CURVATURE
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This paper estimates the curvature of the Earth, defined as one over its
radius, without relying on physical measurements. The orthodox model states
that the Earth is (nearly) spherical with a curvature of /20,000 km. By con-
trast, the heterodox flat-Earth model stipulates a curvature of zero. Abstract-
ing from the well-worn arguments for and against both models, rebuttals and
counter-rebuttals ad infinitum, we propose a novel statistical methodology
based on verifiable flight times along regularly scheduled commercial airline
routes; this methodology allows for both estimating and making inference
for Earth’s curvature. In particular, a formal hypothesis test resolutely rejects
the flat-Earth model, whereas it does not reject the orthodox spherical-Earth
model.
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Air pollution surveillance is critically important for public health. One
air pollutant, ozone, is extremely challenging to analyze properly, as it is
a secondary pollutant caused by complex chemical reactions in the air and
does not emit directly into the atmosphere. Numerous environmental studies
confirm that ozone concentration levels are associated with meteorological
conditions, and long-term exposure to high ozone concentration levels is as-
sociated with the incidence of many diseases, including asthma, respiratory,
and cardiovascular diseases. Thus, it is important to develop an air pollu-
tion surveillance system to collect both air pollution and meteorological data
and monitor the data continuously over time. To this end, statistical process
control (SPC) charts provide a major statistical tool. But most existing SPC
charts are designed for cases when the in-control (IC) process observations at
different times are assumed to be independent and identically distributed. The
air pollution and meteorological data would not satisfy these conditions due
to serial data correlation, high dimensionality, seasonality, and other com-
plex data structure. Motivated by an application to monitor the ground ozone
concentration levels in the Houston—Galveston—Brazoria (HGB) area, we de-
veloped a new process monitoring method using principal component analy-
sis and sequential learning. The new method can accommodate high dimen-
sionality, time-varying IC process distribution, serial data correlation, and
nonparametric data distribution. It is shown to be a reliable analytic tool for
online monitoring of air quality.
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Sensor arrays are often used to identify chemicals by measuring prop-
erly chosen chemical interactions. Machine learning techniques are of vi-
tal importance to accurately recognize a chemical based on the sensor array
measurements. However, sensor array data often take the form of matrices
(i.e, two-way tensors), and the concentration levels may have a complex im-
pact on the measurements. Hence, existing linear and/or vector classification
methods may be inadequate for sensor array data. In this article we propose
a novel tensor mixture discriminant analysis (TMDA) model carefully tai-
lored for the classification of sensor array data. We model the distribution of
each chemical by a mixture of tensor normal distributions. TMDA leverages
the tensor structure for better estimation and prediction, while the mixed ten-
sor normal component accounts for the possibly varying concentration levels.
The TMDA model can also be viewed as an approximation of the potentially
nonnormal measurements. An efficient expectation-maximization algorithm
is developed to fit the TMDA model. The application of TMDA on two sensor
array datasets demonstrates its superior performance to many popular com-
petitors.
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BAYESIAN ADAPTIVE AND INTERPRETABLE FUNCTIONAL REGRESSION
FOR EXPOSURE PROFILES

BY YUNAN GAO? AND DANIEL R. KOWALb
Department of Statistics, Rice University, *yunan.gao@rice.edu, bdaniel.kowal @rice.edu

Pollutant exposure during gestation is a known and adverse factor for
birth and health outcomes. However, the links between prenatal air pollution
exposures and educational outcomes are less clear, in particular, the critical
windows of susceptibility during pregnancy. Using a large cohort of students
in North Carolina, we study the link between prenatal daily PM, 5 exposure
and fourth end-of-grade reading scores. We develop and apply a locally adap-
tive and highly scalable Bayesian regression model for scalar responses with
functional and scalar predictors. The proposed model pairs a B-spline basis
expansion with dynamic shrinkage priors to capture both smooth and rapidly-
changing features in the regression surface. The model is accompanied by
a new decision analysis approach for functional regression that extracts the
critical windows of susceptibility and guides the model interpretations. These
tools help to identify and address broad limitations with the interpretability
of functional regression models. Simulation studies demonstrate more accu-
rate point estimation, more precise uncertainty quantification, and far superior
window selection than existing approaches. Leveraging the proposed model-
ing, computational, and decision analysis framework, we conclude that pre-
natal PMj 5 exposure during early and late pregnancy is most adverse for
fourth end-of-grade reading scores.
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For valid scientific discoveries, it is fundamental to evaluate whether
research findings are replicable across different settings. While large-scale
replication projects across broad research topics are not feasible, systematic
reviews and meta-analyses (SRMAs) offer viable alternatives to assess repli-
cability. Due to subjective inclusion and exclusion of studies, SRMAs may
contain nonreplicable study findings. However, there is no consensus on rig-
orous methods to assess the replicability of SRMASs or to explore sources
of nonreplicability. Nonreplicability is often misconceived as high hetero-
geneity. This article introduces a new measure, the externally standardized
residuals from a leave-m-studies-out procedure, to quantify replicability. It
not only measures the impact of nonreplicability from unknown sources on
the conclusion of an SRMA but also differentiates nonreplicability from het-
erogeneity. A new test statistic for replicability is derived. We explore its
asymptotic properties and use extensive simulations and real data to illus-
trate this measure’s performance. We conclude that replicability should be
routinely assessed for all SRMAs and recommend sensitivity analyses, once
nonreplicable study results are identified in an SRMA.
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Respondent-driven sampling (RDS) is used throughout the world to esti-
mate prevalence and population size for hidden populations. Although RDS
is an effective method for enrolling people from key populations in studies,
it relies on a partially unknown sampling mechanism, and thus each indi-
vidual’s inclusion probability is unknown. Current estimators for population
prevalence, population size, and other outcomes rely on a participant’s net-
work size (degree) to approximate their inclusion probability in the sample
from the networked population. However, in most RDS studies, a partici-
pant’s network size is attained via a self-report and is subject to many types
of misreporting and bias. Because design-based inclusion probabilities can-
not be exactly computed, we instead use the term visibility to describe how
likely a person is to be selected to participate in the study. The commonly
used successive sampling population size estimation (SS-PSE) framework to
estimate population sizes from RDS data relies on self-reported network sizes
in the model for the sampling mechanism. We propose an enhancement of the
SS-PSE framework that adds a measurement error model for visibility used
in place of the self-reported network size and a model for the number of re-
cruits an individual can enroll. Inferred visibilities are a way to smooth the
degree distribution and bring in outliers as well as a mechanism to deal with
missing and invalid network sizes. We demonstrate the performance of visi-
bility SS-PSE on three populations from Kosovo sampled in 2014 using RDS.
We also discuss how the visibility modeling framework could be extended to
prevalence estimation.
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This paper is motivated by the joint analysis of genetic, imaging, and
clinical (GIC) data collected in the Alzheimer’s Disease Neuroimaging Initia-
tive (ADNI) study. We propose a partially functional linear regression (PFLR)
framework to map high-dimensional GIC-related pathways for Alzheimer’s
disease (AD). We develop a joint model selection and estimation procedure
by embedding imaging data in the reproducing kernel Hilbert space and im-
posing the £( penalty for the coefficients of genetic variables. We apply the
proposed method to the ADNI dataset to identify important features from tens
of thousands of genetic polymorphisms (reduced from millions using a pre-
processing step) and study the effects of a certain set of informative genetic
variants and the baseline hippocampus surface on 13 future cognitive scores.
We also explore the shared and distinct heritability patterns of these cognitive
scores. Analysis results suggest that both the hippocampal and genetic data
have heterogeneous effects on different scores, with the trend that the value
of both hippocampi are negatively associated with the severity of cognition
deficits. Polygenic effects are observed for all the thirteen cognitive scores.
The well-known APOE4 genotype only explains a small part of the cognitive
function. Shared genetic etiology exists; however, greater genetic heterogene-
ity exists within disease classifications after accounting for the baseline diag-
nosis status. These analyses are useful in further investigation of functional
mechanisms for AD progression.
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Risk-adjusted quality measures are used to evaluate healthcare providers
with respect to national norms while controlling for factors beyond their con-
trol. Existing healthcare provider profiling approaches typically assume that
the between-provider variation in these measures is entirely due to meaning-
ful differences in quality of care. However, in practice, much of the between-
provider variation will be due to trivial fluctuations in healthcare quality or
unobservable confounding risk factors. If these additional sources of variation
are not accounted for, conventional methods will disproportionately identify
larger providers as outliers, even though their departures from the national
norms may not be “extreme” or clinically meaningful. Motivated by efforts
to evaluate the quality of care provided by transplant centers, we develop a
composite evaluation score based on a novel individualized empirical null
method, which robustly accounts for overdispersion due to unobserved risk
factors, models the marginal variance of standardized scores as a function
of the effective sample size, and only requires the use of publicly-available
center-level statistics. The evaluations of United States kidney transplant cen-
ters based on the proposed composite score are substantially different from
those based on conventional methods. Simulations show that the proposed
empirical null approach more accurately classifies centers in terms of quality
of care, compared to existing methods.
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When searching for exoplanets, one wants to count how many planets
orbit a given star, and to determine what their characteristics are. If the esti-
mated planet characteristics are too far from those of a planet truly present,
this should be considered as a false detection. This setting is a particular in-
stance of a general one: aiming to retrieve parametric components in a dataset
corrupted by nuisance signals, with a certain accuracy on their parameters.
We exhibit a detection criterion minimizing false and missed detections, ei-
ther as a function of their relative cost or when the expected number of false
detections is bounded. If the components can be separated in a technical sense
discussed in detail, the optimal detection criterion is a posterior probability
obtained as a by-product of Bayesian evidence calculations. Optimality is
guaranteed within a model, and we introduce model criticism methods to en-
sure that the criterion is robust to model errors. We show on two simulations
emulating exoplanet searches that the optimal criterion can significantly out-
perform other criteria. Finally, we show that our framework offers solutions
for the identification of components of mixture models and Bayesian false
discovery rate control when hypotheses are not discrete.
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We consider matching problems where the goal is to determine whether
two observations randomly drawn from a population with multiple
(sub)groups are from the same (sub)group. This is a key question in foren-
sic science, where items with unidentified origins from suspects and crime
scenes are compared to objects from a known set of sources to see if they
originated from the same source. We derive the optimal matching rule under
known density functions of data that minimizes the decision error probabili-
ties. Empirically, the proposed matching rule is computed by plugging para-
metrically estimated density functions using training data into the formula of
the optimal matching rule. The connections between the optimal matching
rule and existing methods in forensic science are explained. In particular, we
contrast the optimal matching rule to classification and also compare it to a
score-based approach that relies on similarity features extracted from paired
items. Numerical simulations are conducted to evaluate the proposed method
and show that it outperforms the existing methods in terms of a higher ROC
curve and higher power to identify matched pairs of items. We also demon-
strate the utility of the proposed method by applying it to a real forensic data
analysis of glass fragments.

REFERENCES

AITKEN, C. G. G. and Lucy, D. (2004). Evaluation of trace evidence in the form of multivariate data. J. R. Stat.
Soc. Ser. C. Appl. Stat. 53 109-122.

AITKEN, C. G. G., TARONI, F. and BozzA, S. (2020). Statistics and the Evaluation of Evidence for Forensic
Scientists. Wiley, Hoboken, NJ.

ALPAYDIN, E. (2020). Introduction to Machine Learning. MIT Press.

ANTHONIOZ, N. M. E. and CHAMPOD, C. (2014). Evidence evaluation in fingerprint comparison and automated
fingerprint identification systems—modeling between finger variability. Forensic Sci. Int. 235 86-101.

ATHEY, S., TIBSHIRANI, J. and WAGER, S. (2019). Generalized random forests. Ann. Statist. 47 1148-1178.

AZZALINI, A. and CAPITANIO, A. (1999). Statistical applications of the multivariate skew normal distribution.
J. R. Stat. Soc. Ser. B. Stat. Methodol. 61 579-602.

AZZALINI, A. and VALLE, A. D. (1996). The multivariate skew-normal distribution. Biometrika 83 715-726.

BABIC, S., GELBGRAS, L., HALLIN, M. and LEY, C. (2021). Optimal tests for elliptical symmetry: Specified
and unspecified location. Bernoulli 27 2189-2216.

BERGER, J. O. (2013). Statistical Decision Theory and Bayesian Analysis. Springer, New York.

BREIMAN, L. (2001). Random forests. Mach. Learn. 45 5-32.

BUTLER, J. M., IYER, H. K., PRESS, R. A., TAYLOR, M. K., VALLONE, P. M. and WILLIS, S. (2020). NIST
scientific foundation reviews.

CARRIQUIRY, A., HOFMANN, H., TA1, X. H. and VANDERPLAS, S. (2019). Machine learning in forensic ap-
plications. Significance 16 29-35.

CoOK, R., EVETT, I. W., JACKSON, G., JONES, P. J. and LAMBERT, J. A. (1998). A hierarchy of propositions:
Deciding which level to address in casework. Sci. Justice 38 231-239.

EGLI, N. M., CHAMPOD, C. and MARGOT, P. (2007). Evidence evaluation in fingerprint comparison and auto-
mated fingerprint identification systems—modelling within finger variability. Forensic Sci. Int. 167 189-195.
https://doi.org/10.1016/j.forsciint.2006.06.054

Key words and phrases. Classification, forensic science, likelihood ratio, matching, optimal decision rule.


https://imstat.org/journals-and-publications/annals-of-applied-statistics/
https://doi.org/10.1214/23-AOAS1812
http://www.imstat.org
mailto:hnlee@iastate.edu
mailto:alicia@iastate.edu
mailto:dmommen@iastate.edu
mailto:qiuyumou@math.pku.edu.cn
https://doi.org/10.1016/j.forsciint.2006.06.054

FAN, J. and FAN, Y. (2008). High dimensional classification using features annealed independence rules. Ann.
Statist. 36 2605.

FAN, J., FENG, Y., JIANG, J. and TONG, X. (2016). Feature augmentation via nonparametrics and selection
(FANS) in high-dimensional classification. J. Amer. Statist. Assoc. 111 275-287.

HARE, E., HOFMANN, H. and CARRIQUIRY, A. (2017). Automatic matching of bullet land impressions. Ann.
Appl. Stat. 11 2332-2356.

HEPLER, A. B., SAUNDERS, C. P., DAVIS, L. J. and BUSCAGLIA, J. (2012). Score-based likelihood ratios for
handwriting evidence. Forensic Sci. Int. 219 129-140. https://doi.org/10.1016/j.forsciint.2011.12.009

JOHNSON, M. Q. and OMMEN, D. M. (2022). Handwriting identification using random forests and score-based
likelihood ratios. Stat. Anal. Data Min. ASA Data Sci. J. 15 357-375.

JOHNSON, R. A. and WICHERN, D. W. (2002). Applied Multivariate Statistical Analysis 5. Prentice Hall, Upper
Saddle River, NJ.

KIBRIA, B. G. and JOARDER, A. H. (2006). A short review of multivariate t-distribution. J. Statist. Res. 40
59-72.

KORKMAZ, S., GOKSULUK, D. and ZARARSIZ, G. (2014). MVN: An R package for assessing multivariate
normality. R J. 6.

KWAN, Q. Y. (1977). Inference of Identity of Source. Univ. California, Berkeley, CA.

LEE, H., Qiu, Y. CARRIQUIRY, A. and OMMEN, D. (2024). Supplement to “Density-based matching rule:
Optimality, estimation, and application in forensic problems.” https://doi.org/10.1214/23- AOAS1812SUPPA,
https://doi.org/10.1214/23- AOAS1812SUPPB

LEY, C., BABIC, S. and PALANGETIC, M. (2021). Elliptical symmetry tests in R. R J. 13.

LINDLEY, D. V. (1977). A problem in forensic science. Biometrika 64 207-213.

MARDIA, K. V. (1974). Applications of some measures of multivariate skewness and kurtosis in testing normality
and robustness studies. Sankhya, Ser. B 115-128.

MCANDREW, W. P. and HOUCK, M. M. (2020). Interpol review of forensic science management literature
2016-2019. Forensic Sci. Int. Synerg. 2 382-388. https://doi.org/10.1016/j.fsisyn.2020.01.007

MCLACHLAN, G. J., LEE, S. X. and RATHNAYAKE, S. 1. (2019). Finite mixture models. Annu. Rev. Stat. Appl.
6 355-378.

MORRISON, G. S. and ENZINGER, E. (2018). Score based procedures for the calculation of forensic likelihood
ratios—scores should take account of both similarity and typicality. Sci. Justice 58 47-58.

NEUMANN, C. and AUSDEMORE, M. (2020). Defence against the modern arts: The curse of statistics—part II:
‘score-based likelihood ratios’. Law Probab. Risk 19 21-42.

OMMEN, D. M. and SAUNDERS, C. P. (2021). A problem in forensic science highlighting the differences between
the Bayes factor and likelihood ratio. Statist. Sci. 36 344-359.

PARK, S. and CARRIQUIRY, A. (2019). Learning algorithms to evaluate forensic glass evidence. Ann. Appl. Stat.
13 1068-1102.

PARK, S., CARRIQUIRY, A., HORKLEY, L. K. and PEATE, D. W. (2020). A database of elemental compositions
of architectural float glass samples measured by LA-ICP-MS. Data Brief 30 105449. https://doi.org/10.1016/
j-dib.2020.105449

REINDERS, S., GUAN, Y., OMMEN, D. and NEWMAN, J. (2022). Source-anchored, trace-anchored, and gen-
eral match score-based likelihood ratios for camera device identification. J. Forensic Sci. 67 975-988.
https://doi.org/10.1111/1556-4029.14991

TrEJOS, T., KOCH, S. and MEHLTRETTER, A. (2020). Scientific foundations and current state of trace
evidence—a review. Forensic Chem. 18 100223.

VENERI, F. and OMMEN, D. (2022). Ensemble of SLR systems for forensic evidence. Poster presented at the 74th
Annual Scientific Conference of the American Academy of Forensic Sciences (AAFS), Seattle, Washington.

WAGER, S. and ATHEY, S. (2018). Estimation and inference of heterogeneous treatment effects using random
forests. J. Amer. Statist. Assoc. 113 1228-1242.

WAHBA, G. (2002). Soft and hard classification by reproducing kernel Hilbert space methods. Proc. Natl. Acad.
Sci. USA 99 16524-16530.


https://doi.org/10.1016/j.forsciint.2011.12.009
https://doi.org/10.1214/23-AOAS1812SUPPA
https://doi.org/10.1214/23-AOAS1812SUPPB
https://doi.org/10.1016/j.fsisyn.2020.01.007
https://doi.org/10.1016/j.dib.2020.105449
https://doi.org/10.1111/1556-4029.14991
https://doi.org/10.1016/j.dib.2020.105449

The Annals of Applied Statistics

2024, Vol. 18, No. 1, 794-818
https://doi.org/10.1214/23-A0AS 1813

© Institute of Mathematical Statistics, 2024

LAND-USE FILTERING FOR NONSTATIONARY SPATIAL PREDICTION OF
COLLECTIVE EFFICACY IN AN URBAN ENVIRONMENT

BY J. BRANDON CARTER!"®, CHRISTOPHER R. BROWNINGZ¢
BETHANY BOETTNER>€(®, NICOLO PINCHAK?*9® AND CATHERINE A. CALDER':P

lDepartmem of Statistics and Data Sciences, University of Texas at Austin, ®carterjb@utexas.edu, bcalder@austin.utexas.edu
2Department of Sociology, The Ohio State University, “browning. 90@osu.edu, dpinchak.5 @osu.edu
3Populati(m Research Institute, Ohio State University, *boettner.6@osu.edu

Collective efficacy—the capacity of communities to exert social control
toward the realization of their shared goals—is a foundational concept in the
urban sociology and neighborhood effects literature. Traditionally, empirical
studies of collective efficacy use large sample surveys to estimate collective
efficacy of different neighborhoods within an urban setting. Such studies have
demonstrated an association between collective efficacy and local variation in
community violence, educational achievement, and health. Unlike traditional
collective efficacy measurement strategies, the Adolescent Health and Devel-
opment in Context (AHDC) Study implemented a new approach, obtaining
spatially-referenced, place-based ratings of collective efficacy from a repre-
sentative sample of individuals residing in Columbus, OH. In this paper we
introduce a novel nonstationary spatial model for interpolation of the AHDC
collective efficacy ratings across the study area, which leverages administra-
tive data on land use. Our constructive model specification strategy involves
dimension expansion of a latent spatial process and the use of a filter defined
by the land-use partition of the study region to connect the latent multivariate
spatial process to the observed ordinal ratings of collective efficacy. Careful
consideration is given to the issues of parameter identifiability, computational
efficiency of an MCMC algorithm for model fitting, and fine-scale spatial pre-
diction of collective efficacy.
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The rapid growth of high-throughput genomic and epigenomic data
enables exploration of biological mechanisms underlying diseases causing
processes beyond traditional association studies. Using the causal media-
tion analysis framework, we develop the kernel machine difference (KMD)
method, which provides a testing procedure for detecting the mediation ef-
fects of a set of mediators, for example, the DNA methylation probes within
aregion or a gene. Our method extends the difference method in single medi-
ator analysis to jointly model the mediatory role of the methylation of multi-
ple neighboring probes, as they often work together in a collaborative fashion.
Kernel machine regression is employed to accommodate flexible parametric
and nonparametric effects of multiple mediators on the outcome and to allow
for robust testing for the joint natural indirect effect (NIE). The proposed test-
ing procedure does not require explicit modeling of the dependence of multi-
ple mediators on exposure and confounders and the correlation among mul-
tiple mediators. It hence provides a robust and computationally efficient tool,
especially for genomic regions with moderate to high-dimensional probes.
We evaluate the performance of the proposed test using extensive simulations
and demonstrate its gain in robustness and power when the effects are nonlin-
ear. We apply the proposed test to the analysis of the epigenome-wide Norma-
tive Aging Study (NAS) to investigate the mediatory role of DNA methylation
in the causal pathway between smoking behavior and lung function.
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In this study we present a data-driven method called false negative con-
trol (FNC) screening to address the challenge of detecting weak signals in
underpowered genome-wide association studies (GWASs), where true sig-
nals are often obscured by a large amount of noise. Our approach focuses
on controlling false negatives and efficiently regulates the proportion of false
negatives at a user-specified level in realistic settings with arbitrary covari-
ance dependence between variables. We calibrate overall dependence using
a parameter that aligns with the existing phase diagram in high-dimensional
sparse inference, allowing us to asymptotically explicate the joint effect of
covariance dependence, signal sparsity, and signal intensity on the proposed
method. Our new phase diagram shows that FNC screening can efficiently
select a set of candidate variables to retain a high proportion of signals, even
when the signals are not individually separable from noise. We compare the
performance of FNC screening to several existing methods in simulation
studies, and the proposed method outperforms the others in adapting to a
user-specified false negative control level. Moreover, we apply FNC screen-
ing to 145 GWAS datasets, obtained from the UK Biobank, and demonstrate
a substantial increase in power to retain true signals for downstream analyses.
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In scientific studies involving analyses of multivariate data, basic but im-
portant questions often arise for the researcher: Is the sample exchangeable,
meaning that the joint distribution of the sample is invariant to the order-
ing of the units? Are the features independent of one another, or perhaps the
features can be grouped so that the groups are mutually independent? In sta-
tistical genomics these considerations are fundamental to downstream tasks
such as demographic inference and the construction of polygenic risk scores.
We propose a nonparametric approach, which we call the V test, to address
these two questions, namely, a test of sample exchangeability given depen-
dency structure of features and a test of feature independence given sample
exchangeability. Our test is conceptually simple, yet fast and flexible. It con-
trols the Type I error across realistic scenarios and handles data of arbitrary
dimensions by leveraging large-sample asymptotics. Through extensive sim-
ulations and a comparison against unsupervised tests of stratification based on
random matrix theory, we find that our test compares favorably in various sce-
narios of interest. We apply the test to data from the 1000 Genomes Project,
demonstrating how it can be employed to assess exchangeability of the ge-
netic sample or find optimal linkage disequilibrium (LD) splits for down-
stream analysis. For exchangeability assessment we find that removing rare
variants can substantially increase the p-value of the test statistic. For op-
timal LD splitting, the V test reports different optimal splits than previous
approaches not relying on hypothesis testing. Software for our methods is
available in R (CRAN: flintyR) and Python (PyPI: flintyPy).
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Knowledge networks, such as the healthcare delivery network (HDN),
describing relationships among different medical encounters, are useful sum-
maries of state-of-art medical knowledge. The increasing availability of lon-
gitudinal electronic health records (EHR) data promises a rich data source
for learning HDN. Most existing methods for inferring knowledge networks
are based on cooccurrence patterns that do not account for temporal effects
or patient-level heterogeneity. In this article, building upon the multivariate
Hawkes process (mvHP), we propose a flexible covariate-adjusted random
effects (CARE) mvHP modeling strategy for HDN construction. Our model
allows for patient-specific time-varying background intensity functions via
random effects, which can also adjust for effects of important covariates.
We adopt a penalized approach to select fixed effects, yielding a sparse net-
work structure, and to remove unnecessary random effects from the model.
Through extensive simulation studies, we show that our proposed method
performs well in recovering the network structure and that it is essential to
account for patient heterogeneities. We further illustrate our CARE mvHP
method in an EHR study of type 2 diabetes patients to learn an HDN for these
patients and demonstrate that our results are consistent with current clinical
practice in healthcare systems.
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